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Key Points: 

 We bring attention to a diagnostic strategy – assessing the direction of change, which 

quantifies whether the increase (or decrease) of a model input leads to a positive (or 

negative) change in a model output variable. 

 We developed a quantification and visualization approach to analyze the direction of 

change due to input variability within a Global Sensitivity Analysis context. 

 We demonstrated our approach as a time-varying analysis to diagnose how the 

parameters of a widely used hydrological model control the output’s direction of change. 
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Abstract 

Hydrologic models are used to simulate natural phenomena while making different assumptions 

about the levels of complexity with which natural processes should be represented. Global 

Sensitivity Analysis is regularly applied to understand how the inputs (including forcing, 

parameters and initial states) of these models control their outputs. A less widely explored 

strategy to support such diagnostic analysis is the assessment of direction of change (DOC) 

which addresses the question whether the increase (or decrease) of a model input leads to a 

positive (or negative) change in the model output. We propose a metric, called Direction Index, 

to quantitatively assess the direction of change and develop an approach to calculate it. The basic 

idea of our approach is two-folded: (1) Estimate the zero-th and first order term of the High 

Dimensional Model Representation (HDMR) decomposition. (2) Calculate the derivatives of the 

first order term of the HDMR decomposition with respect to a given input. We demonstrate our 

approach on a widely used conceptual lumped hydrological model (Hymod) with a time-varying 

analysis applied to the Leaf River Catchment in the USA. The results show that our approach 

provides new insights into the behaviour of the model, which can be used to guide model 

structure improvement or to improve calibration efficiency. 

1 Introduction 

Hydrological models simplify and abstract the complexity of the natural world in ways 

that might be more or less consistent with our assumptions about how nature works. The 

complexity and type of such models varies widely [Ye et al, 1997], based on different 

assumptions the modeler makes about how the real-world phenomena can be conceptualised and 

simplified. Over the years, researchers have developed different diagnostic analysis strategies to 

assess how hydrological models work and to identify discrepancies with the underlying system 

[Biondi & De Luca, 2013; Gupta et al., 2008; He et al., 2015; Hrachowitz et al., 2014; Kim et 

al., 2015; Li et al., 2013; Milella et al., 2012; Trudel et al., 2014; Wagener et al., 2003; Wagener 

& Gupta, 2005; Wright et al., 2018]. Diagnostic strategies include methods to assess model 

performance and behaviour in a hydrologically interpretable way. Strategies to do so include the 

use of hydrologic signatures; and time-varying or time-averaged Global Sensitivity Analysis 

(GSA) methods to understand what model inputs (including forcing, parameters and initial 

states), and thus what modelled processes, control the model output [Gupta et al., 2008; Cheng et 

al., 2019; Cloke et al., 2008; Euser et al., 2013; Ghasemizade et al., 2017; Haghnegahdar et al., 

2017; Hu et al., 2015; Vanrolleghem et al., 2015; Van Werkhoven et al., 2008; Wagener & 

Kollat, 2007; Zhan et al., 2013]. 

A little explored strategy to support such diagnostic analysis is the assessment of 

direction of change (DOC) originally proposed by Samuelson [1941]. Samuelson’s work was 

aimed at determining “the equilibrium values of given variables (unknowns) under postulated 

conditions (functional relationships) with various data (parameters) being specified”. To achieve 

this, he claimed that “In order for the analysis to be useful it must provide information 

concerning the way in which our equilibrium quantities will change as a result of changes in the 

parameters taken as independent data.” His approach thus addresses the question whether the 

increase (or decrease) of a model input leads to a positive (or negative) change in the model 

output variable.  

In Samuelson’s work, the direction of change is measured through the signs of the partial 

derivatives of the output with respect to each input. Following similar ideas, others have 
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investigated the direction of change by computing and plotting the derivatives using a One-At-a-

Time (OAT) design (see review in Borgonovo and Plischke’s [2016]). For example, Borgonovo 

[2010] developed an OAT method based on the functional analysis of variance (ANOVA) 

decomposition of a finite change of the output and used it to assess the DOC of a probabilistic 

safety assessment model. Sweetapple et al. [2014] applied a simple OAT sensitivity analysis to a 

wastewater treatment plant model (the BSM2-e model) as a preliminary investigation of how the 

model outputs change in response to variations of different inputs. Borgonovo et al. [2017] 

calculated the output derivatives of rainfall-runoff models (using the FUSE framework) with the 

Distributed Evaluation of Local Sensitivity Analysis (DELSA) method [Rakovec et al., 2014], 

and visualized them using derivative scatterplots (D-scatterplot). The existence of both positive 

and negative signs implied the nonmonotonicity of the DOC. Gupta and Razavi [2017] computed 

the partial derivatives of the output (streamflow) of the rainfall-runoff HBV-SASK model for 

each time step with an OAT design. They assessed the positive and negative derivative 

separately and found that different parameters may have different signs of partial derivatives 

while these signs also changed with time. 

Different from the OAT design used in the above-mentioned studies, DOC analysis can 

also be performed within a GSA context, thus assessing the direction of change induced by one 

input while all other inputs vary simultaneously. Few studies have been carried out using such an 

approach. For example, Anderson et al. [2014] plotted the first order terms of the high-

dimensional model representation (HDMR) decomposition of an integrated assessment model 

(the DICE model). HDMRs describe a family of multivariate representations for the input-output 

mapping of any model [Rabitz, 1999]. The first order term of the HDMR decomposition 

represents the independent effect of a given input on the model output. Borgonovo et al. [2017], 

besides using an OAT design as mentioned above, also investigated DOC within a GSA context 

using two different methods. The first one plots the first order terms in the HDMR 

decomposition (denoted as COSI curves), which is the same approach used by Anderson et al. 

[2014]. The second one uses Cumulative Sum of Normalized Reordered Output (CUSUNORO, 

Plischke, 2010) plots. CUSUNORO plots display the average mean of the standardized output 

when the associated input is less than a given quantile u, with u varying between 0 and 1. In 

these studies, the relationships between the inputs and the outputs are found to be monotonically 

increasing or decreasing - most of them linearly. However, in complex hydrological models, the 

relationship between inputs and outputs are often non-monotonic and nonlinear. A limitation of 

these visualisation methods is that they can only be applied to a small number of outputs to fully 

capture the non-monotonicity and nonlinearity of the relationship. If one needs to assess a large 

number of model outputs, for example a time series, it is unrealistic to study one plot for each 

time step. Therefore, a more convenient approach and a better visualization strategy are needed. 

The interest in analyzing the sensitivity of output time series stems from a growing body 

of literature that used Time-varying Sensitivity Analysis (TVSA) to analyse the temporal 

behaviour of hydrological models [Cloke et al., 2008; Ghasemizade et al., 2017; Gupta & 

Razavi, 2018; Guse et al., 2014; Hass et al., 2015; Herman et al., 2013; Kelleher et al., 2013; 

Massmann et al., 2014; Pfannerstill et al., 2015; Pianosi & Wagener, 2016; Reusser et al., 2011; 

Wagener et al., 2003; Wlostowski et al., 2013]. In TVSA, a moving window or running mean 

approach is used (though often with the size of a single time step) to compute the output variable 

within the moving window for each time step, along with computing a set of Sensitivity Indices 

(SIs) for each input (mostly parameters). The advantage of using a moving window with 

appropriate size is that it can capture the effect of a parameter over its influential period while 
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balancing the negative influence of noisy data and information loss due to aggregation 

[Massmann et al., 2014]. Most TVSA studies used ‘traditional’ SA methods (such as Sobol or 

FAST), which provide an aggregated SI across the input (mostly parameter) space. In some 

cases, the parameter is only influential when varied within a certain range, or parameters with 

equal SI have diverse (increasing or decreasing) effects on the model output. Or it might be that 

the same parameter has different effects on the model output during different time periods. To 

address this issue, DYNIA estimates how parameter regions controlling the model vary with time 

[Wagener et al., 2003]. However, the approach does not provide information about the trend of 

the model output with respect to varying each parameter. The investigation of DOC enables a 

more elaborate analysis and better understanding of the model (parameter) behavior. To our 

knowledge, there is no study combining time-varying SA and assessment of direction of change 

so far, although Gupta and Razavi [2018] discussed the implications of positive and negative 

derivatives and highlighted the need for a methodology to quantify this impact. 

In our study we develop an approach to investigate the DOC of model outputs within a 

GSA context, convenient to implement in a time-varying analysis. Our approach builds on the 

method of HDMR decomposition, but with simpler calculations and improved visualization for 

time series. The key output of the method is a time series of a new DOC indicator, called 

Direction Index (DI), for each model input. We apply our method to a widely used lumped 

conceptual hydrologic model and an extensively investigated dataset to demonstrate its value. 

The information provided by our strategy could help to: [1] diagnose whether some model 

parameters have changing roles during different response modes of the system and hence are 

inconsistent with underlying assumptions, [2] provide information to reformulate the model 

structure and improve its performance or at least its consistency with the real-world nature, and 

[3] guide the model calibration process. 

2 Methodology 

2.1 HDMR-decomposition 

High-dimensional model representation (HDMR), introduced by Rabitz et al. [1999], is a 

set of tools to analyse the relationship between a large number of input variables (x1, x2, …, xn) 

and the output (y) of a model. The HDMR decomposition assumes that the input variables are 

independent of each other [Beccacece & Borgonovo, 2011]. The input-output mapping of a 

model represented by a real-valued function y = 𝑓(𝑥) can be written in the following form 

[Rabitz et al., 1999; Sobol’, 1990]: 

𝑓(𝑥) =  𝑓0 + ∑ 𝑓𝑖(𝑥𝑖)

𝑛

𝑖=1

+ ∑ 𝑓𝑖𝑗(𝑥𝑖 , 𝑥𝑗) + ⋯ + 𝑓12…𝑛(𝑥1, 𝑥2, … , 𝑥𝑛)

1≤𝑖<𝑗≤𝑛

 (1) 

where 𝑓0 is a constant representing the mean effect (zeroth order), 𝑓𝑖(𝑥𝑖) is the first order 

effect of variable 𝑥𝑖 representing the independent effect of 𝑥𝑖 on the model output, 𝑓𝑖𝑗(𝑥𝑖, 𝑥𝑗) is 

the second order effect representing the interactive effects of 𝑥𝑖 and 𝑥𝑗 on the model output and 

so on. 

HDMR is commonly constructed either using cut-HDMR, which depends on the value of 

𝑓(𝑥) at a reference point �̅�, or RS (random sample)-HDMR, which depends on the average value 

of 𝑓(𝑥) over the whole input variability space. In this study, RS-HDMR was used because it is 
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computationally more efficient for models that have more than 10 inputs and the sample size 

required for its approximation is not directly dependent on the input space dimension [Ziehn & 

Tomlin, 2009]. Firstly, the input variables are rescaled in the range [0, 1]. The input domain of 

function 𝑓 then becomes the unit hypercube 𝐾𝑛 = {(𝑥1, 𝑥2, … , 𝑥𝑛)|0 ≤ 𝑥𝑖 ≤ 1, 𝑖 = 1, 2, … , 𝑛)} 

and the terms of Eq. (1) can be reconstructed through the following expressions: 

𝑓0 =  𝐸𝑋[𝑓(𝑋)] =  ∫ 𝑓(𝑋)𝑑𝑋
𝐾𝑛

 (2) 

𝑓𝑖(𝑥𝑖) = 𝐸𝑋[𝑓(𝑋)|𝑋𝑖 = 𝑥𝑖] − 𝑓0 = ∫ 𝑓(𝑋)𝑑𝑋𝑖 −
𝐾𝑛−1

𝑓0 (3) 

𝑓𝑖𝑗(𝑥𝑖 , 𝑥𝑗) = 𝐸𝑋[𝑓(𝑋)|𝑋𝑖 = 𝑥𝑖 , 𝑋𝑗 = 𝑥𝑗] − 𝑓𝑖(𝑥𝑖) − 𝑓𝑗(𝑥𝑗) − 𝑓0 =

= ∫ 𝑓(𝑋)𝑑𝑋𝑖𝑗 −
𝐾𝑛−2

𝑓𝑖(𝑥𝑖) − 𝑓𝑗(𝑥𝑗) − 𝑓0 
(4) 

… 

Where 𝑑𝑋𝑖 is the product 𝑑𝑥1𝑑𝑥2 … 𝑑𝑥𝑖−1𝑑𝑥𝑖+1 … 𝑑𝑥𝑛, 𝑑𝑋𝑖𝑗 is the product 

𝑑𝑥1𝑑𝑥2 … 𝑑𝑥𝑖−1𝑑𝑥𝑖+1 … 𝑑𝑥𝑗−1𝑑𝑥𝑗+1 … 𝑑𝑥𝑛.  

2.2 Definition of the Direction Index 

The direction of change in the output with respect to a given input variable, 𝑥𝑖, is 

obtained through the investigation of the terms 𝑓0 + 𝑓𝑖(𝑥𝑖) [Anderson et al., 2014]. Notice that, 

by rearranging the terms of Equation 3, we get: 

𝐸𝑋[𝑓(𝑋)|𝑋𝑖 = 𝑥𝑖] = 𝑓𝑖(𝑥𝑖) + 𝑓0 (5) 

Therefore, 𝑓𝑖(𝑥𝑖) +  𝑓0 represents the conditional expectation of 𝑓(𝑥) as a function of 𝑥𝑖, 

i.e. it captures the direct dependence of the output on one specific input variable while averaging 

all possible values of the remaining variables. In order to quantitatively represent the direction of 

change, we introduce a Direction Index (DI), which is calculated as the angle of the tangent at 

each point of the curve 𝑓𝑖(𝑥𝑖) + 𝑓0: 

𝐷𝐼𝑖(𝑥𝑖) = arctan 𝑓𝑖′(𝑥𝑖) (6) 

where 𝑓𝑖′(𝑥𝑖) is the derivative of 𝑓𝑖(𝑥𝑖) (i.e. of 𝑓𝑖(𝑥𝑖) + 𝑓0) at 𝑥𝑖. By definition, 𝐷𝐼𝑖 varies 

between -90° and 90° and measures how much the output increases or decreases when the i-th 

input is changed along its range of variability. The sign of 𝐷𝐼𝑖 represents the direction of change 

while the absolute value of 𝐷𝐼𝑖 represents the magnitude of this change. An illustrative example 

is given in Figure 1. 

2.3 Approximation of the HDMR components 

The analytical computation of each HDMR component is too difficult for complex 

models such as typical hydrological models. The RS-HDMR approach provides an 

approximation of the HDMR component in a convenient and efficient way. It is initiated by 

generating N sets of input samples 𝑋𝑠, and then evaluating the model using these samples to get 

model outputs 𝑓(𝑋𝑠). The zeroth order term 𝑓0 is approximated by the average value of all the 

output samples: 
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𝑓0 = ∫ 𝑓(𝑋)𝑑𝑋
𝐾𝑛

≈
1

𝑁
∑ 𝑓(𝑋𝑠)

𝑁

𝑠=1

 (7) 

The first order term 𝑓𝑖(𝑥𝑖) is approximated by a linear combination of analytical basis 

functions. Orthonormal polynomials are selected as basis functions in this study because their 

use has been shown to reduce sampling costs considerably [Li et al., 2002]. The linear 

combination is expressed in the following form: 

𝑓𝑖(𝑥𝑖) ≈ ∑ 𝛼𝑟
𝑖 𝜑𝑟(𝑥𝑖)

𝑘

𝑟=1

 (8) 

where k is the order of the polynomial expansion, 𝛼𝑟
𝑖  are constant coefficients to be 

determined, and 𝜑𝑟(𝑥𝑖) are the orthonormal basis functions. The orthonormal polynomials 

𝜑𝑟(𝑥𝑖) have a zero mean and unit norm and are mutually orthogonal. 

The expansion coefficients 𝛼𝑟
𝑖  can be determined via Monte Carlo integration [Li et al., 

2002], in the form of: 

𝛼𝑟
𝑖 =  

1

𝑁
∑ 𝑓(𝑋𝑠)𝜑𝑟(𝑋𝑖

𝑠)

𝑁

𝑠=1

 (9) 

The accuracy of the approximation is determined by the error of the MC integration. 

Using a small sample may lead to higher inaccuracy. Variance reduction methods can be applied 

to improve the accuracy of the Monte Carlo integration, and hence the estimation of the 

expansion coefficients, without adding extra samples. The correlation method [Li et al., 2003] 

and the ratio control variate method [Li & Rabitz, 2006] are commonly used approaches. Both 

methods involve an iterative process and an analytical reference function ℎ(𝑥) to approximate 
𝑓(𝑥). For example, ℎ(𝑥) could be the truncated RS-HDMR expansion whose expansion 

coefficients are calculated using direct MC integration. In this study, we use the ratio control 

variate method because it was reported to be more stable than the correlation method [Li & 

Rabitz, 2006].  

Normally, the polynomial order (k) for each first-order term of the HDMR decomposition 

(i.e. for each input) should be chosen separately. Here we use an optimisation method developed 

by Ziehn and Tomlin [2008] which automatically selects the optimal polynomial order for each 

first-order term. The idea of the method is to calculate the sum of the squared differences 

between the output samples and the polynomials of Eq. (7) with different orders. The smallest 

sum of squared errors indicates the best approximation, and the corresponding order k is chosen 

(For more details refer to Ziehn and Tomlin [2008]). However, in our application we have 

observed an over-fitting issue in the implementation of this method. Sometimes, the first-order 

term of the HDMR decomposition seemed to be unnecessarily “sophisticated”. To resolve the 

problem, at the time step where an over-fitting issue occurs, we stop using the variance reduction 

method and determine the expansion coefficients solely using Eq. 9. Detailed descriptions of the 

over-fitting issue and our solution are given in the Supporting Information. 
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2.4 Rescaling the output variables 

Because the first step in the HDMR approach is to rescale the input variables in the 

domain [0, 1], a scaling issue may be encountered when computing the slope of 𝑓𝑖(𝑥𝑖), as the 

model output (y) may vary over a much larger range. For example, in our application the output 

is river discharge, and the order of magnitude of first-order terms in high flow periods can reach 

3 (mm/day), which leads to a slope angle close to 90 degree. This issue is also stated in Gupta 

and Razavi’s [2018] work.  To resolve this issue, the output of the model is also rescaled in the 

domain [0, 1] before applying our method, so that input and output have the same order of 

magnitude. 

2.5 General procedures for approximating Direction Indices 

The general procedures to investigate the direction of change of model output with 

respect to input change is stated as follows: 

(1) Generate N input samples, and execute the model using sampled sets of inputs. 

(2) Rescale both inputs and output in the range [0, 1], using the following equation: 

𝑋𝑠 =  
max(𝑋𝑠) − 𝑋𝑠

max(𝑋𝑠) − min (𝑋𝑠)
 (10) 

(3) For each input, estimate the zeroth and first order term of the HDMR decomposition 

(𝑓𝑖(𝑥𝑖)+𝑓0) using the method stated in 2.3. 

(4) For each input, approximate the derivatives of 𝑓𝑖(𝑥𝑖) using the derivatives of Eq. (8), 

and therefore approximate Eq. (6) by:  

𝐷𝐼𝑖  =  arctan ∑ 𝛼𝑟
𝑖

𝑑𝜑𝑟(𝑥𝑖)

𝑑𝑥𝑖

𝑘

𝑟=1

 (11) 

In a Time-varying Sensitivity Analysis context, sampling and model execution only need 

to be done once for all sampled input sets, and then the procedures (2)-(4) are repeated for each 

time step and window size. 

2.6 Visualization of the results 

Anderson et al. [2014] plot the first order term of the HDMR decomposition to 

qualitatively show the direction of change of the output variables. This is effective for a single 

output. However, when a time series is studied, it would be inconvenient to produce and 

investigate one plot for each time step. Our methodology calculates the derivative of the first 

order term and transform it into the angle of the tangent, which enables a quantitative assessment 

of the direction of change. Then, the angle of the tangent can be plotted in a colormap where the 

horizontal axis represents time and the vertical axis represents the input value (Fig. 1).  

The example in Figure 1 uses a well-known analytical function, the Ishigami-Homma 

function [Ishigami & Homa, 1990], modified as a time-changing function as expressed below: 

𝑓(𝑥, 𝑡) = 𝑠𝑖𝑛 (𝑥1 + 𝑡 ∗
𝜋

4
) + 𝑎 𝑠𝑖𝑛2 (𝑥2 + 𝑡 ∗

𝜋

8
) + 𝑏𝑥3

4𝑠𝑖𝑛(𝑥1 + 𝑡 ∗
𝜋

8
) (12) 
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where the three inputs 𝑥𝑖 (i=1,2,3) are drawn from a uniform distribution in the range (-π, 

π) and the constant parameter are set to a = 7, b = 0.1. In this example, we generate 10,000 input 

samples using Latin Hypercube Sampling. The maximum polynomial order (kmax) is set to 10. 

The ratio control variate method is applied for variance reduction. A time series of four time 

steps is used for a demonstration. 

 
Figure 1. Demonstration example of the approximation and visualization of Direction Indices (DI 

plot). The top left plot shows the scatter plot of the output samples against the selected input (grey 

dots),  together with the sum of the zeroth and first order term of the HDMR decomposition 

𝑓𝑖(𝑥𝑖)+𝑓0 (black line) for the first time step. The colormap below represents the DI of 𝑥2 along 

the variability range of 𝑥2. The colormap on the right represents the DI of 𝑥2 for all four time steps 

(horizontal axis) along the range of 𝑥2 (vertical). 

Figure 1 depicts the DI approximation result for 𝑥2. When DI has a positive sign, for 

example when 𝑥2 increases from -π to -3/5π, the input subrange is coloured in red, while when 

DI is negative, such as when 𝑥2 changes from -3/5 π to - 1/10π, the subrange is coloured in blue. 

The DI value varies between -90° and 90°, as shown in the legend on the very right of the figure. 

When the DI of the whole time series is shown, as in the central plot, the range of input 

variability is moved from the horizontal to the vertical axis. Here, the value of DI varies as the 

value of 𝑥2 increases from the bottom to the top of the plot. In this example, we can observe that 

the sequence of ascending and descending trends of the output following the increases of 𝑥2 is 

clearly captured in the colormap. 

2.7 Approximation of first-order Sobol’ Indices using the HDMR 

While the approximation procedure described in Sec. 2.3-2.5 has as primary objective the 

calculation of the Direction Indices, an interesting and straightforward addition is the 

approximation of first-order Sobol’ indices [Sobol’, 1990, 1993, 2001]. The method of Sobol’, or 

variance-based method, is a widely used GSA method, whereby the output sensitivity to a given 

input is measured by the contribution to the output variance from varying that input. RS-HDMR 

can also be used to compute Sensitivity Indices in an efficient way. The first-order Sensitivity 

Indices (SI), which measures the direct effect of input 𝑥𝑖 on the output, is calculated as: 

𝑆𝑖 =  
𝑉𝑖

𝑉
 (13) 
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Where V is the total variance of the output due to variations in the inputs and all their 

possible interactions, and 𝑉𝑖 is the partial variance due to variations in each input individually. 

The total variance V is obtained by: 

𝑉 =  ∫ 𝑓2(𝑋)𝑑𝑋
𝐾𝑛

− 𝑓0
2  ≈  

1

𝑁
∑ 𝑓2(𝑋𝑠)

𝑁

𝑠=1

− [
1

𝑁
∑ 𝑓(𝑋𝑠)

𝑁

𝑠=1

]2 (14) 

The partial variances 𝑉𝑖 is defined by: 

𝑉𝑖 =  ∫ 𝑓𝑖
2(𝑥𝑖)𝑑𝑥𝑖

1

0

 (15) 

We already know 𝑓𝑖(𝑥𝑖) can be approximated by orthonormal polynomials, therefore 𝑉𝑖 

can also be estimated after a long derivation process proposed by Li et al. [2002] as follows: 

𝑉𝑖  ≈  ∑(𝛼𝑟
𝑖 )2

𝑘

𝑟=1

 (16) 

From the description shown above, we can see that the calculation of first order SI only 

needs a little extra effort when computing DI. We will compute both SI and DI in the following 

case study to see their possible relationship and difference. 

3 Case study 

3.1 Hydrological model 

A simple and popular conceptual rainfall-runoff model, Hymod [Boyle, 2001] is used in 

this study to demonstrate the use and usefulness of Direction Indices. It is composed of a rainfall 

excess model proposed by Moore [1985] and a routing module with a series of quickflow 

reservoirs and a single parallel slowflow reservoir. In the rainfall excess model, the soil moisture 

storage capacity is described by a pareto distribution function with two parameters: the 

maximum soil moisture capacity SM (mm), and Beta (-), which controls the degree of spatial 

variability of storage capacity over the catchment. The routing module is described by three 

parameters. Alpha (-) defines the portion of effective rainfall that goes into the quickflow 

reservoir series, while the rest goes into the slowflow reservoir. Rs (dt) and Rf (dt) are the 

routing time coefficients for the slow- and quickflow reservoirs, respectively. The DOC of the 

five model parameters are assessed. The ranges of SM, Beta, Alpha, Rs and Rf are [0, 400], [0, 

2], [0, 1], [10, 150] and [0, 10] respectively [Wagener et al., 2001]. The parameters are assumed 

to be independent, which is the standard assumption for Hymod. A schematic of the model 

structure is shown in the Supporting Information. 

3.2 Study data 

The model is here applied to the widely studied Leaf River Basin near Collins 

Mississippi, with an area of 1949 km2 [Sorooshian, 1983]. Precipitation, evapotranspiration and 

discharge data from 1952-1955 with daily time step (in mm/day) are used to run the model for 

this demonstration study. 
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3.3 Experimental set-up 

Samples of the five model parameters are generated using Latin Hypercube Sampling, 

with a sample size of 10,000 and independent uniform distributions for all parameters within the 

ranges defined above. As model output, we analyse the discharge volume within a moving 

window at each time step, which is expressed as: 

Q𝑡 =  ∑ 𝑄𝑖
𝑠𝑖𝑚

𝑡+𝑤

𝑖= 𝑡−𝑤

 (17) 

where w is half of the window size. We set w to 15 days, hence the full window size is 31 

days. The first 60 days are excluded as warm-up period for the initial states to adjust. For each 

time step t, the zeroth and first order term of the HDMR expansion are estimated using scripts 

developed by Ziehn and Tomlin [2009]. The maximum polynomial order is set to 10. The ratio 

control variate method is applied for variance reduction. 

To test the dependency of our methodology to our set-up choices, different settings have 

been tested. Firstly, a sample set with much smaller size (1,000) is used to assess the robustness 

and efficiency of our method. Secondly, we used the RMSE (Root Mean Squared Error) and 

Actual Evapotranspiration within a moving window as alternative model outputs. Lastly, we 

understand that different parameters may have different length of influential periods thus 

window sizes should be chosen separately for each parameter [Massmann et al., 2014]. However, 

for the consistency of our study we choose a window size of 31 days which is appropriate for 

most of the parameters. Still we applied different window sizes (3, 7, 15, 61 days) to assess the 

possible effects of this choice on the results. All these results can be found in the Supporting 

Information. 

4 Results and discussion 

Figure 2 shows the first order Sobol’ indices (denoted as SI) and Direction Indices (DI) 

of each parameter over the simulation period. The results show strong temporal variations in the 

influence of each parameter on the model output (river discharge averaged over a moving 

window of 31 days). 

Parameter SM [mm] – the maximum soil moisture capacity – has lower SIs in general 

compared with other parameters (lighter grey colours in top bar). But it shows higher SIs (darker 

grey) in periods of rain than during dry periods. It has large, negative DIs (darker blue) for low 

SM values (from 0 to about 30mm), i.e. within this subrange increases in SM lead to a reduction 

in discharge. In dry periods, this descending trend recedes for values above 30mm (larger SM 

values produce the same runoff), while in wet periods the descending trend continues also for 

larger values of SM. This is reasonable, in fact a larger value of SM means the catchment has 

more capacity to hold water, thus less runoff and more evapotranspiration will be generated. The 

discharge stabilizes after a threshold value of SM when the soil storage is not saturated any more 

(though there is some interaction with parameter Beta).  

Parameter Beta [-] – the shape parameter of the soil moisture storage distribution – has 

higher SIs in dry periods than in rain periods. It has positive DIs (red areas) most of the time, i.e. 

discharge generally increases with increasing beta, except in days 380-420 and 720-800, when 

the sign of DIs is negative for small values of beta. In the soil moisture accounting module, 
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larger values of beta mean that a larger proportion of the modelled catchment has smaller soil 

storage capacity, hence less water can be held in the soil and more runoff is generated. However, 

the change of water stored in the soil is minor compared to the total runoff generated in the rainy 

period, therefore, Beta is less influential in rainy periods compared to dry periods. We see some 

interesting different behaviour of Beta during some rainy periods (days 380-420 and 720-800), 

where very low but increasing values of Beta seem to produce more runoff. This trend might 

have to do with higher Beta values producing more runoff during the preceding days, though this 

behaviour is also not very strong. 

Parameter Alpha [-] – the fraction of effective rainfall becoming quickflow – has high SIs 

during both high and low flow periods. However, it has a very different effects on the model 

output, with positive DIs (i.e. increase in discharge for increased Alpha) in high flow periods, 

and negative DIs (decrease in discharge for increased Alpha) in low flow periods. In general, 

increasing Alpha values result in more water getting diverted to the quickflow reservoir. In high 

flow periods, this generates more runoff in a shorter time. In low flow periods, instead, it means 

that the runoff quickly leaves the catchment and without sufficient rainfall to recharge the 

storage, there will be less runoff in the following days.  

Parameter Rs [days] – the slowflow routing time – displays a pattern of SIs similar to 

Alpha, but with slightly lower sensitivity values. In terms of direction of change, the behaviour is 

opposite to Alpha, with negative DIs (blue) in high flow periods and positive (red) in low flow 

periods. In high flow periods, a larger value of Rs increases the routing time, hence there will be 

less runoff within a time window. However, in low flow periods, when there is little effective 

rainfall, larger routing times increase the runoff within the time window as the runoff remains in 

the system for longer.  

Lastly, parameter Rf [days] – the quickflow routing time – has higher SI values at time 

steps near the peak flows. It also has negative DIs in high flow periods and positive ones in low 

flow periods, but with stronger variation between periods. Because the size of the moving 

window (31 days) largely exceeds the upper bound of Rf (10 days), the result may not capture 

the features of the temporal behaviour of this parameter well [Massmann et al., 2014]. The 

results with different choices of the moving window size can be found in the Supporting 

Information. 
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Figure 2. First order Sobol’ indices (SI) and Direction Indices (DI) plots for the Hymod model 

applied to the Leaf catchment. Rainfall (P) and streamflow (Q) observations are shown as grey 

bars and black lines. The shaded parts at the beginning and end of the simulation period indicate 

the time steps with incomplete moving window.  

These results exemplify how SI reveals which parameter is important in a certain time 

window, while DI reveals how the parameter controls the output in terms of DOC. Besides this, 

there are at least two aspects about the model behaviour that can be understood using DIs: (1) 

We can identify the subranges of parameter variability that influence the model output and the 

subranges that do not (as shown in the result of SM). In addition, the sign and absolute value of 

the DIs can reveal the nonlinearity and non-monotonicity of the input-output relationship (as 

shown in the result of SM and Beta). (2) Parameters with similar sensitivity indices (SIs) may 

have opposite influences on the output (as shown by the results of Alpha, Rs and Rf), 
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highlighting periods where the model structure creates insufficient model output variability. As 

shown in the previous section, the computation of both SIs and DIs can be done based on the 

HDMR decomposition, so the computation of DI only requires little extra calculation effort.  

Our methodology illuminates some areas for model improvement. Firstly, the DI plot 

analyses the model structure by testing the consistency of the role of the parameters. A modeller 

can diagnose if the parameters control the model output in the appropriate way via the DI plot. 

Also, if a modeller wants to understand the behaviour of an unfamiliar model, the DI plot enables 

her to assess how strongly the inputs control the model output without the need to study the 

model structure analytically. Secondly, DI plots show how the output changes when varying 

each parameter, which helps in model calibration, because it provides direct guidance on the 

direction in which a parameter has to be changed to adjust the model output. DI plots can easily 

be developed for different objective functions. Lastly, in most Time-Varying SA studies, 

traditional SA methods (such as Sobol’ or FAST) are used within a moving window to assess the 

model output’s sensitivity to variations in the model input. These studies highlight the most 

sensitive or influential parameters (or parameter ranges) and try to quantify the relative 

“importance” of parameters. Our methodology provides complementary information to such 

studies. We believe “importance” (measured by SI) and “direction” (measured by DI) are 

complementary aspects of Sensitivity Analysis and recommend assessing both simultaneously 

for hydrological (or any other) models. In addition to a time-varying analysis, one could easily 

apply the approach also across the spatial domain of a distributed model. 

5 Conclusions 

We introduced a new approach to quantify and visualize the direction of change (DOC) 

of model outputs within a Global Sensitivity Analysis context. To this end, we presented and 

demonstrated a new index, called Direction Index (DI). DI is derived from the derivatives of the 

first order term of the high-dimensional model representation (HDMR) decomposition with 

respect to each input. Given the link between first order terms of the HDMR and first order terms 

of the variance decomposition, we can also approximate first order Sobol’ sensitivity indices 

(SIs) while approximating our DIs. In a time-varying analysis, results can then be visualized 

through a colormap over the simulation period.  

We demonstrated our DIs and visualisation approach by assessing the DOC for the 5 

parameters of a widely used hydrological model (Hymod) in a time-varying analysis, applied to 

the Leaf River Catchment in the USA. We show that the joint analysis of SIs and DIs provides 

complementary insights. The approach is conducive to better understanding how and when the 

parameters (or inputs more generally) control the model output and thus offers the potential to to 

improve the model performance by modifying the model structure or by guiding the calibration 

process.  

In our study we provide further evidence about the additional information gained through 

disaggregation when mapping the input-output space of models [Wagener & Pianosi, 2019]. To 

conclude, we would like to point out two areas of possible future work of our study. First, the 

key concept of our methodology is to use a meta-model to simplify the original model and to 

compute the derivatives of this meta-model with respect to each input. Other meta-modelling 

approaches, which might be more efficient and accurate can be tested as alternatives to HDMR 

decomposition. Second, we use a relatively simple model to demonstrate the feasibility and 

utility of our methodology. Expanding our work to include more complex models would address 



Confidential manuscript submitted to Water Resources Research of AGU journal 

 

the need to identify suitable strategies (e.g. choose sample size and sampling method) for 

computationally expensive models [Gupta and Razavi, 2018] . 

Acknowledgments, Samples, and Data 

AW thanks the Chinese Scholarship Council for providing funding to study at the University of 

Bristol as a visiting student. FP is supported by the Engineering and Physical Sciences Research 

Council (EPSRC) through an Early Career “Living with Environmental Uncertainty” Fellowship 

(EP/R007330/1). TW is partially supported by a Royal Society Wolfson Research Merit Award 

(WM170042).  

The analysis reported in this study was conducted using the SAFE Toolbox (safetoolbox.info) 

and the GUI-HDMR scripts provided by Ziehn and Tomlin (http://www.gui-hdmr.de/index.html). 

The Matlab functions to implement the Direction Indices and the workflow script to carry out the 

analysis presented in this paper will be made available at https://www.safetoolbox.info/case-

studies/. 

 

References 

Anderson, B., Borgonovo, E., Galeotti, M., & Roson, R. (2014). Uncertainty in climate change 

modeling: can global sensitivity analysis be of help?. Risk analysis, 34(2), 271-293.  

https://doi.org/10.1111/risa.12117 

Biondi, D., & De Luca, D. L. (2013). Performance assessment of a Bayesian Forecasting System 

(BFS) for real-time flood forecasting. Journal of hydrology, 479, 51-63.  

https://doi.org/10.1016/j.jhydrol.2012.11.019 

Borgonovo, E. (2010). A methodology for determining interactions in probabilistic safety 

assessment models by varying one parameter at a time. Risk Analysis: An International Journal, 

30(3), 385-399. https://doi.org/10.1111/j.1539-6924.2010.01372.x 

Borgonovo, E., Lu, X., Plischke, E., Rakovec, O., & Hill, M. C. (2017). Making the most out of a 

hydrological model data set: Sensitivity analyses to open the model black‐box. Water resources 

research, 53(9), 7933-7950. https://doi.org/10.1002/2017WR020767 

Boyle, D. (2001). Multicriteria calibration of hydrological models, (Doctoral dissertation). 

Retrieved from ResearchGate (https://www.researchgate.net/publication/267990929). Tucson, AZ: 

The University of Arizona. 

Cheng, K., Lu, Z., & Zhang, K. (2019). Multivariate output global sensitivity analysis using multi-

output support vector regression. Structural and Multidisciplinary Optimization, 59(6), 2177-2187. 

https://doi.org/10.1007/s00158-018-2184-z 

Cloke, H. L., Pappenberger, F., & Renaud, J. P. (2008). Multi‐method global sensitivity analysis 

(MMGSA) for modelling floodplain hydrological processes. Hydrological Processes: An 

International Journal, 22(11), 1660-1674. 

Euser, T., Winsemius, H. C., Hrachowitz, M., Fenicia, F., Uhlenbrook, S., & Savenije, H. H. G. 

(2013). A framework to assess the realism of model structures using hydrological 

signatures. Hydrology and Earth System Sciences, 17(5), 1893-1912. 

https://doi.org/10.1002/hyp.6734 



Confidential manuscript submitted to Water Resources Research of AGU journal 

 

Ghasemizade, M., Baroni, G., Abbaspour, K., & Schirmer, M. (2017). Combined analysis of time-

varying sensitivity and identifiability indices to diagnose the response of a complex environmental 

model. Environmental modelling & software, 88, 22-34. 

https://doi.org/10.1016/j.envsoft.2016.10.011 

Gupta, H. V., & Razavi, S. (2018). Revisiting the basis of sensitivity analysis for Dynamical Earth 

System Models. Water Resources Research, 54(11), 8692-8717. 

https://doi.org/10.1029/2018WR022668 

Guse, B., Reusser, D. E., & Fohrer, N. (2014). How to improve the representation of hydrological 

processes in SWAT for a lowland catchment–temporal analysis of parameter sensitivity and model 

performance. Hydrological processes, 28(4), 2651-2670. https://doi.org/10.1002/hyp.9777 

Haas, M. B., Guse, B., Pfannerstill, M., & Fohrer, N. (2015). Detection of dominant nitrate 

processes in ecohydrological modeling with temporal parameter sensitivity analysis. Ecological 

modelling, 314, 62-72. https://doi.org/10.1016/j.ecolmodel.2015.07.009 

Haghnegahdar, A., Razavi, S., Yassin, F., & Wheater, H. (2017). Multicriteria sensitivity analysis 

as a diagnostic tool for understanding model behaviour and characterizing model 

uncertainty. Hydrological processes, 31(25), 4462-4476. https://doi.org/10.1002/hyp.11358 

He, Z. H., Tian, F. Q., Gupta, H. V., Hu, H. C., & Hu, H. P. (2015). Diagnostic calibration of a 

hydrological model in a mountain area by hydrograph partitioning. Hydrology and Earth System 

Sciences, 19(4), 1807-1826. https://doi.org/10.5194/hess-19-1807-2015. 

Herman, J., Reed, P., & Wagener, T. (2013). Time-varying sensitivity analysis clarifies the effects 

of watershed model formulation on model behavior, Water Resources Research, 49: 1400–1414. 

https://doi.org/10.1002/wrcr.20124 

Hrachowitz, M., Fovet, O., Ruiz, L., et al. (2014). Process consistency in models: The importance 

of system signatures, expert knowledge, and process complexity. Water Resources Research, 50(9): 

7445-7469. https://doi.org/10.1002/2014WR015484 

Hu, Y., Garcia-Cabrejo, O., Cai, X., Valocchi, A. J., & DuPont, B. (2015). Global sensitivity 

analysis for large-scale socio-hydrological models using Hadoop. Environmental Modelling & 

Software, 73, 231-243. https://doi.org/10.1016/j.envsoft.2015.08.015 

Ishigami, T., & Homma, T. (1990). An importance quantification technique in uncertainty analysis 

for computer models. In [1990] Proceedings. First International Symposium on Uncertainty 

Modeling and Analysis (pp. 398-403). IEEE. DOI: 10.1109/ISUMA.1990.151285 

Kelleher, C., Wagener, T., McGlynn, B., Ward, A. S, Gooseff, M. N., & Payn, R. A. (2013). 

Identifiability of transient storage model parameters along a mountain stream. Water Resources 

Research, 49(9): 5290–5306. https://doi.org/10.1002/wrcr.20413 

Kim, S. S. H., Hughes, J. D., Chen, J., Dutta, D., & Vaze, J. (2015). Determining probability 

distributions of parameter performances for time-series model calibration: A river system 

trial. Journal of Hydrology, 530, 361-371. https://doi.org/10.1016/j.jhydrol.2015.09.073 

Li, G., Wang, S. W., & Rabitz, H. (2002). Practical approaches to construct RS-HDMR component 

functions. The Journal of Physical Chemistry A, 106(37), 8721-8733. 

https://doi.org/10.1021/jp014567t 

Li, G., Rabitz, H., Wang, S. W., & Georgopoulos, P. G. (2003). Correlation method for variance 

https://doi.org/10.1016/j.ecolmodel.2015.07.009


Confidential manuscript submitted to Water Resources Research of AGU journal 

 

reduction of Monte Carlo integration in RS‐HDMR. Journal of computational chemistry, 24(3), 

277-283. https://doi.org/10.1002/jcc.10172 

Li, G., & Rabitz, H. (2006). Ratio control variate method for efficiently determining high‐
dimensional model representations. Journal of computational chemistry, 27(10), 1112-1118. 

https://doi.org/10.1002/jcc.20435 

Li, M., Wang, Q. J., & Bennett, J. (2013). Accounting for seasonal dependence in hydrological 

model errors and prediction uncertainty. Water Resources Research, 49(9), 5913-5929. 

https://doi.org/10.1002/wrcr.20445 

Massmann, C. Wagener, T, Holzmann, H. (2014). A new approach to visualizing time-varying 

sensitivity indices for environmental model diagnostics across evaluation time-scales. 

Environmental Modelling & Software, 51: 190–194. https://doi.org/10.1016/j.envsoft.2013.09.033 

Milella, P., Bisantino, T., Gentile, F., Iacobellis, V., & Liuzzi, G. T. (2012). Diagnostic analysis of 

distributed input and parameter datasets in Mediterranean basin streamflow modeling. Journal of 

hydrology, 472, 262-276. https://doi.org/10.1016/j.jhydrol.2012.09.039 

Moore, R. J. (1985). The probability-distributed principle and runoff production at point and basin 

scales. Hydrological Sciences Journal, 30(2), 273-297. 

https://doi.org/10.1080/02626668509490989 

Pfannerstill, M., Guse, B., Reusser, D., & Fohrer, N. (2015). Process verification of a hydrological 

model using a temporal parameter sensitivity analysis. Hydrology and Earth System Sciences, 

19(10), 4365-4376. https://doi.org/10.5194/hess-19-4365-2015 

Pianosi, F., and Wagener, T. (2015). A simple and efficient method for global sensitivity analysis 

based on cumulative distribution functions, Environmental Modelling & Software, 67: 1-11. 

https://doi.org/10.1016/j.envsoft.2015.01.004 

Pianosi, F. and Wagener, T. (2016). Understanding the time‐varying importance of different 

uncertainty sources in hydrological modelling using global sensitivity analysis. Hydrological 

Processes, 30(22): 3991-4003. https://doi.org/10.1002/hyp.10968 

Plischke, E. (2010). An effective algorithm for computing global sensitivity indices (EASI). 

Reliability Engineering & System Safety, 95(4), 354-360. 

https://doi.org/10.1016/j.ress.2009.11.005 

Rabitz, H., Aliş, Ö. F., Shorter, J., & Shim, K. (1999). Efficient input—output model 

representations. Computer Physics Communications, 117(1-2), 11-20. 

https://doi.org/10.1016/S0010-4655(98)00152-0 

Rakovec, O., Hill, M. C., Clark, M. P., Weerts, A. H., Teuling, A. J., & Uijlenhoet, R. (2014). 

Distributed Evaluation of Local Sensitivity Analysis (DELSA), with application to hydrologic 

models. Water Resources Research, 50(1), 409-426. https://doi.org/10.1002/2013WR014063 

Reusser, D. E., & Zehe, E. (2011). Inferring model structural deficits by analyzing temporal 

dynamics of model performance and parameter sensitivity. Water Resources Research, 47(7). 

https://doi.org/10.1029/2010WR009946 

Samuelson, P. A. (1941). The stability of equilibrium: comparative statics and dynamics. 

Econometrica: Journal of the Econometric Society, 97-120. https://www.jstor.org/stable/1906872 



Confidential manuscript submitted to Water Resources Research of AGU journal 

 

Sarrazin, F., Pianosi, F., & Wagener, T. (2016). Global Sensitivity Analysis of environmental 

models: Convergence and validation. Environmental Modelling & Software, 79, 135-152. 

https://doi.org/10.1016/j.envsoft.2016.02.005 

Sobol', I. Y. M. (1990). On sensitivity estimation for nonlinear mathematical 

models. Matematicheskoe modelirovanie, 2(1), 112-118. http://mi.mathnet.ru/eng/mm2320 

Sobol, I. M. (1993). Sensitivity analysis for non-linear mathematical models. Mathematical 

modelling and computational experiment, 1, 407-414. 

Sobol, I. M. (2001). Global sensitivity indices for nonlinear mathematical models and their Monte 

Carlo estimates. Mathematics and computers in simulation, 55(1-3), 271-280. 

Sorooshian, S., Gupta, V. K., & Fulton, J. L. (1983). Evaluation of maximum likelihood parameter 

estimation techniques for conceptual rainfall‐runoff models: Influence of calibration data 

variability and length on model credibility. Water Resources Research, 19(1), 251-259. 

https://doi.org/10.1029/WR019i001p00251 

Sweetapple, C., Fu, G., & Butler, D. (2014). Identifying sensitive sources and key control handles 

for the reduction of greenhouse gas emissions from wastewater treatment. Water research, 62, 249-

259. https://doi.org/10.1016/j.watres.2014.06.002 

Trudel, M., Leconte, R., & Paniconi, C. (2014). Analysis of the hydrological response of a 

distributed physically-based model using post-assimilation (EnKF) diagnostics of streamflow and 

in situ soil moisture observations. Journal of hydrology, 514, 192-201. 

https://doi.org/10.1016/j.jhydrol.2014.03.072 

Vanrolleghem, P. A., Mannina, G., Cosenza, A., & Neumann, M. B. (2015). Global sensitivity 

analysis for urban water quality modelling: Terminology, convergence and comparison of different 

methods. Journal of Hydrology, 522, 339-352. https://doi.org/10.1016/j.jhydrol.2014.12.056 

Wagener, T., Boyle, D. P., Lees, M. J., Wheater, H. S., Gupta, H. V., & Sorooshian, S. (2001). A 

framework for development and application of hydrological models. Hydrology and Earth System 

Sciences, 5(1), 13-26. https://doi.org/10.5194/hess-5-13-2001 

van Werkhoven, K., Wagener, T., Reed, P. & Tang, Y. (2008). Rainfall characteristics define the 

value of streamflow observations for distributed watershed model identification. Geophysical 

Research Letters, 35(11), L11403. https://doi.org/10.1029/2008GL034162 

Wagener, T., McIntyre, N., Lees, M. J., Wheater, H. S., & Gupta, H. V. (2003). Towards reduced 

uncertainty in conceptual rainfall-runoff modelling: dynamic identifiability analysis. Hydrological 

Processes, 17(2): 455–476. https://doi.org/10.1002/hyp.1135 

Wagener, T., & Gupta, H. V. (2005). Model identification for hydrological forecasting under 

uncertainty. Stochastic Environmental Research and Risk Assessment, 19(6): 378-387. 

https://doi.org/10.1007/s00477-005-0006-5 

Wagener, T., & Kollat, J. (2007). Visual and numerical evaluation of hydrologic and environmental 

models using the Monte Carlo Analysis Toolbox (MCAT). Environmental modelling and software, 

22: 1021-1033. https://doi.org/10.1016/j.envsoft.2006.06.017 

Wagener, T. & Pianosi, F. (2019). What has Global Sensitivity Analysis ever done for us? A 

systematic review to support scientific advancement and to inform policy-making in earth system 

modelling. Earth-Science Reviews, 194, 1-18. http://doi.org/10.1016/j.earscirev.2019.04.006 

https://doi.org/10.1016/j.earscirev.2019.04.006


Confidential manuscript submitted to Water Resources Research of AGU journal 

 

Wlostowski, A. N., Gooseff, M. N., & Wagener, T. (2003). Influence of constant rate versus slug 

injection experiment type on parameter identifiability in a 1‐D transient storage model for stream 

solute transport. Water Resources Research, 49(2), 1184-1188. https://doi.org/10.1002/wrcr.20103 

Wright, D. P., Thyer, M., Westra, S., & McInerney, D. (2018). A hybrid framework for quantifying 

the influence of data in hydrological model calibration. Journal of hydrology, 561, 211-222. 

https://doi.org/10.1016/j.jhydrol.2018.01.036 

Ye, W., Bates, B. C., Viney, N. R., Sivapalan, M., & Jakeman, A. J. (1997). Performance of 

conceptual rainfall‐runoff models in low‐yielding ephemeral catchments. Water Resources 

Research, 33(1), 153-166. https://doi.org/10.1029/96WR02840 

Zhan, C. S., Song, X. M., Xia, J., & Tong, C. (2013). An efficient integrated approach for global 

sensitivity analysis of hydrological model parameters. Environmental Modelling & Software, 41, 

39-52. https://doi.org/10.1016/j.envsoft.2012.10.009 

Ziehn, T., & Tomlin, A. S. (2008). Global sensitivity analysis of a 3D street canyon model—Part 

I: The development of high dimensional model representations. Atmospheric Environment, 42(8), 

1857-1873. https://doi.org/10.1016/j.atmosenv.2007.11.018 

Ziehn, T., & Tomlin, A. S. (2009). GUI–HDMR–A software tool for global sensitivity analysis of 

complex models. Environmental Modelling & Software, 24(7), 775-785. 

https://doi.org/10.1016/j.envsoft.2008.12.002 

 

 


