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Sensitivity analyses – What are they and what are they for? 

The target of an uncertainty analysis is to characterise as accurately as possible the 
uncertainty of model outputs (e.g. indicators for consequences associated with a 
repository system) resulting from uncertainties concerning the model input. Another key 
task in a performance assessment is to investigate the relationship between input and 
output behaviour by identifying the most relevant input parameters, which is known as 
sensitivity analysis (SA). Note that the problem setting is twofold: A description of input 
uncertainty is needed, as well as a simulation model representing physical properties.  
In accordance with Saltelli, et al. (2000) we understand by SA addressing both aspects and 
considering the input uncertainty given by probability distributions. The question is then 
how to define “relevant” or “important” or – in contrast – “irrelevant” and “unimportant” 
input parameters (Bolado Lavín, et al., 2008). An input parameter can be considered 
important with respect to a given output variable if a strong correlation exists between 
both (linear relation), but it could also be considered so if the output is functionally 
dependent on the input or if that input contributes a large fraction of the output variance 
(considered a measure of importance). However, there is a real danger of misclassification 
by declaring an input parameter as being non-influential solely based on a linear 
regression or a rank regression analysis. 

Another issue that arises in the sensitivity analysis area is the study of interactions. 
We say that a group of input parameters interact when their joint effect is different from 
the sum of their individual effects. Interactions deserve to be studied in order to identify 
the structure of the system model under study. Not all SA techniques are able to study 
interactions and in some cases, though they are able, the study could be impractical due 
to different reasons (extreme computational cost, too-large diversity of possibilities, etc.). 

The existence of different interpretations of importance has triggered the development 
of a variety of SA methods designed to study the model from different points of view, 
each one developed according to a given interpretation. Nowadays a large corpus is 
available to the SA practitioner, who may choose appropriate methods to perform a 
specific type of SA attending to his/her interests and needs. 

SA methods may be divided into three broad types: Local methods, screening methods 
and global methods. Local methods focus on the study of the system model behaviour 
under very specific system conditions (in the vicinity of a reference point), while screening 
methods focus on the functional relation between inputs and outputs disregarding input 
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parameter distributions, and global methods focus on how the whole input space (taking 
input distributions into account) maps into the output space. Though all of them are 
important and provide relevant information about the system model, we focus in the 
following text on global methods. 

To address sensitivity of the output on the input parameters several global sensitivity 
methods have been developed. Methods based on linear correlation or regression have 
been in use for decades, but they are not adequate for finding and correctly quantifying 
all kinds of input-output dependency. Therefore, more sophisticated sensitivity analysis 
methods have been developed. Among these, variance-based methods have been the 
most widely studied both from the theoretical and numerical viewpoints. 

For practitioners, computing the R2 coefficient of determination of a linear regression 
model is a widespread technique for assessing the reliability of linear sensitivity measures. 
But if non-linear and non-monotonic effects dominate the system’s output behaviour 
then an R2 measuring the goodness-of-fit for a non-linear regression model (using only a 
subset of the input parameters) is the next logical step. This sensitivity technique is 
known under many names: Pearson correlation ratio, Sobol’ sensitivity effect, variance of 
conditional expectation, etc. 

However, this approach requires that uncertainty be characterised sufficiently well by 
the variance: Consider a model producing a risk estimate ranging over several orders of 
magnitude. In this case, the uncertainty can often be described more naturally by the 
variation of the log-transformed risk, and not by the variation of the risk itself, as the 
exponential scale renders the variance useless. 

To avoid such a dependency on a specific output transformation, distribution-based 
indicators are being developed. These take the average of a suitable distance between the 
unconditional output distribution and the output distribution conditional to a specific 
input parameter value. The metric can be chosen such that the indicator value stays 
constant, regardless of applying a monotonic transformation to the output. 

Methods providing graphical feedback are advantageous to methods producing just a 
numeric output. Hence graphical sensitivity analysis methods provide hands-on results. 
Both distribution- and variance-based methods offer visual impressions. 

Performing and applying sensitivity analysis in recent safety cases 

Despite the wide range of available SA methods which are suitable for identifying and 
studying different types of input-output relationships, recent safety cases usually apply 
only a few. For obvious reasons, extensive straightforward deterministic (i.e. local) analyses 
of the impact of model assumptions, but also of input parameter choices (screening), 
typically make up a large part (Andra, 2005; SKB, 2006). In addition, linear or rank-based 
methods are often used for integrated safety assessment models (OECD/NEA, 2012a), 
safety indicators such as annual effective dose or annual individual risk being the output 
entities of concern. In the EU project PAMINA (2009), these and many other methods were 
studied, tested and further developed by RWM and research organisations, several of 
which were or are producing safety assessments and safety cases. However, these other 
methods are hardly ever used in “real” safety assessments, despite being able to detect 
sensitivities (e.g. non-monotonic effects or interactions) which will remain hidden when 
applying the more widely used linear or rank-based methods. The recent Swedish safety 
assessment SR-Site (SKB, 2011) goes a bit further by applying, in addition to rank 
regression, “a tailored regression model, based on the mathematical model used in the 
risk calculation.” Dependent on the regression model, such a method has the potential of 
identifying various types of sensitivities. This regression model, however, relies on a priori 
knowledge concerning the risk calculation model and the question arises whether it will 
be able to reveal a priori unknown effects. 
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At the 2012 topical session of the Integration Group for the Safety Case (IGSC), the role 
of SA in the safety case was discussed. It was observed that sensitivity analyses can 
contribute to confidence building by confirming what was assumed about sensitivities or 
the lack thereof, hence using SA as a verification tool. Indeed, experience shows that SA 
can help identify hitherto undiscovered bugs. Moreover, it was claimed that instead of 
identifying R&D needs, SA results may support the safety case by confirming that 
uncertainties are not sensitive with regard to safety. 

Further, the point was made that the established linear or rank-based methods often 
serve their purpose well. In the opinion of the authors of this paper, this is true as long as 
it can be shown that the identified sensitivities indeed explain the behaviour of the output 
(e.g. by means of the R2 coefficient of determination). Also, if a model does not account 
for a relationship existing in the “real” system to be modelled (e.g. a non-monotonic one 
or a parameter interaction), obviously sophisticated methods capable of identifying such 
a relationship are of no use. 

When dealing with disposal in rock salt, the above statement about the sufficiency of 
linear and rank-based methods appears to be inappropriate: The system is characterised 
by non-monotonic and discontinuous release behaviour, and these features are reproduced 
in performance assessment models. 

Thus, the question remains about an appropriate and systematic SA strategy: Is there 
a “universal” sequence of applying various SA methods which makes it unlikely that 
sensitivities remain hidden and which, at the same time, does not waste staff and 
computer resources? IGSC’s MeSA project (OECD/NEA, 2012b) suggested “to develop 
guidance on a general scheme for performing sensitivity analyses in safety assessments 
for geological disposal systems and interpreting results.” 

Such a strategy or scheme has to be capable of identifying various types of 
sensitivities, including: 

· non-monotonic relationships; 

· effects on probability density; 

· interactions; 

· threshold behaviour and discontinuities. 

Since input parameters are not always independent, the question about how to 
address dependent input parameters also arises. Finally, the variation over time which is 
typical of many model outputs (e.g. safety indicators) must be appropriately addressed. 

Going beyond linear and rank-based methods: The MOSEL and NUMSA projects 

In order to build confidence in the safety assessment, it is advantageous to have a 
state-of-the-art sensitivity analysis concept available which provides undisputed and 
well interpretable sensitivity statements. The MOSEL and NUMSA projects, which are 
carried out by GRS and TUC and sponsored by the German Federal Ministry of Economics 
and Technology (BMWi), aim at developing such a concept applicable to different types of 
host rocks, associated repository concepts and corresponding safety assessment models. 

The MOSEL project is compiling a comprehensive overview of global SA and sampling 
methods. The methods are classified and their applicability for a safety case is assessed. 
Therefore several models and scenarios (considering disposal in both salt and clay) for 
assessment and comparison of SA methods are defined as test cases. Several methods for 
sampling and SA are tested in view of the particularities of the test cases. Methods 
identified as suitable for application in the long-term safety analysis will be developed 
further, if necessary. 
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The NUMSA project is compiling the theoretical background of numerically efficient 
SA methods. Numerical efficiency is verified and assessed with test cases. Promising 
methods will be developed further, if necessary. Furthermore, methodical SA guidelines 
for time-dependent simulation results will be developed. The potential of meta-models 
will be investigated. 

The safety assessment model currently considered within the NUMSA and MOSEL 
projects represents an LLW/ILW disposal site in rock salt, established in an abandoned 
salt production mine. The model resembles that for an existing facility of this type, 
showing some of its typical properties in a similar way, but is less complex. It is composed 
of two disposal chambers, one shaft, an intermixture chamber and a big compartment 
representing the residual mine. 

Hands-on experience gathered in the course of the projects, in particular by studying 
the LLW/ILW model mentioned above, suggests the following procedure for performing 
SA: In advance of performing SA, it has to be conceptualised according to the assessment 
context; the model components to be analysed and the input and output entities of 
interest have to be identified and the associated uncertainties have to be described. 
Taking regulatory requirements as well as other issues to be addressed by the model(s) 
under question (e.g. interest in safety functions) into account, subjects of interest have to 
be acknowledged and the SA has to be conceptualised accordingly. 

The LLW/ILW model is built of a probabilistic near-field module and deterministic 
geosphere and biosphere modules. The overall output can be seen as a sharp “probabilistic” 
image of the near-field modified by two blurring lenses, so it may be worthwhile to analyse 
the near-field output individually. According to this photographic analogue, SA methods 
analysing sharp details rather than the whole image can provide more information on 
specific facts, i.e. different behaviour of single radionuclides. Further investigations of 
this fact will be part of future research. 

The SA itself should start with a dissemination of the available dataset and the system 
behaviour, bearing the assessment context in mind. This process should start with 
simple graphical methods, i.e. histograms, time-dependent quantiles, scatterplots and 
superimposed evolutions in time. Generally plots have to be interpreted carefully, 
e.g. time-dependent quantile plots do not have a matching realisation. More generally, 
the brain tends to construct structures, even from random patterns, an effect well known 
from optical illusions. 

Cobweb plots produce one curve for every realisation so that the visual interpretation 
becomes more difficult with an increasing number of simulation runs. Mean ranks plots 
(Cormenzana, 2012) provide a handy solution to this problem by accumulating and 
averaging the output. The exemplary mean ranks plot (Figure 1) of the LLW/ILW model 
provides the same qualitative information on parameter importance as the Pearson 
correlation or the Spearman rank correlation. Color-coding may help to visually interpret 
plots, and here it gives a hint whether the parameter output relation is proportional or 
anti-proportional, or if only a part of the parameter space is important. Care must be 
taken not to over-interpret the details, as the general pattern is much more important 
than single lines. 

In order to obtain quantitative rather than qualitative information (as provided by 
mean ranks plots) alternative methods have to be used, especially for ranking parameters 
by sorting them according to descending importance instead of arbitrary judging. Pearson 
correlation coefficients (PCC) and Spearman rank correlation coefficients (SRCC) are 
prevalent methods for estimating global sensitivity indices, considering only linear or 
monotonic trends, respectively. In contrast, variance-based sensitivity methods capture 
non-linear functional dependencies. However, one loses the sign information of PCC or 
SRCC signalling co-monotonic or contra-monotonic behaviour. Figure 2 shows the squares 
of PCC and SRCC as well as variance-based indices calculated by two different algorithms, 
EASI and COSI. 
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Figure 1: Mean ranks plot of LLW/ILW cumulative dose  
(2 000 runs, quasi-Monte Carlo sampling) 

 

Figure 2: Comparison of different methods for  
estimating sensitivity indices (reordered parameters) 

 

By squaring the PCC and SRCC comparability to the sign-less variance based indices is 
achieved. Parameters have been reordered with respect to descending EASI results. Here 
one can notice that the variance based indices capture information not provides by PCC 
and SRCC (parameter 2 and also 10, 11, 18). 

As explained above, there is no single SA method capable of identifying “all” 
sensitivities of interest (irrespective of the nature of the model) efficiently. In contrast, 
the choice of the “best” SA method strongly depends on the nature of the model under 
consideration. Since this nature may be a priori unknown or not fully known, we suggest 
a stepwise approach, starting with the most simple and inexpensive methods. 

Thus, the complexity level of SA should increase with increasing complexity of the 
model’s behaviour as long as this behaviour is not sufficiently explained. For linear or 
monotonic models, graphical methods, Pearson correlation or Spearman rank correlation 
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(Saltelli, et al., 2000) will yield robust and useful results. Complex models with non-linear 
non-monotonic behaviour require more elaborate methods, as simple methods cannot 
explain large parts of the model’s behaviour. After each step (i.e. after each application of 
a specific SA method), the analyst has to ask whether the identified sensitivities explain 
the model behaviour sufficiently well by calculating a related goodness-of-fit indicator.  
If so, the SA can be considered complete. If not, the next step has to be carried out by 
applying a more sophisticated SA method. 

Such a sequence of increasingly complex methods might include the following: 

· As explained above, the analysis should always start with graphical/screening 
methods. Under favourable conditions, these will already yield all the information 
one is looking for. However, this cannot be proven since such methods do not offer 
any goodness-of-fit measures by themselves. 

· Thus, one should proceed by applying linear (Pearson) methods. The R2 coefficient 
of determination will indicate whether or not the model can be sufficiently 
explained by linear input-output relationships. 

· Rank-based (Spearman) methods, being able to detect monotonic relationships, 
follow as the next logical step. Analogously, the rank-based coefficient of 
determination R*2 will indicate whether their application is sufficient. 

· Up to now, our list only includes methods well established in safety assessment 
for radioactive waste disposal (perhaps with the exception of some graphical 
methods). Indeed, moving from Pearson and Spearman methods to variance-based 
approaches implies a change in underlying theory and numerical approach. Many, 
but not all, variance-based methods require specific and extensive sampling 
schemes, while Pearson and Spearman methods can be carried out based on any 
sample used already for probabilistic uncertainty analysis. There are exceptions 
such as EASI and COSI, which allow calculating variance-based measures using 
existing samples (Plischke, 2010, 2012). Naturally, one would start by calculating 
first-order sensitivity indices which describe how much of the output variance can 
be attributed to the variance of each single input parameter. Provided that the 
inputs are independent, a sum of these indices close to unity signals that the 
model behaviour is sufficiently well explained. 

· If this is not the case, the reason might lie in the existence of parameter interactions. 
These can be identified by calculating variance-based higher-order sensitivity 
indices. However, not all methods are equally suitable to calculate higher-order 
indices. Again, in the case of independent inputs, if the sum of all calculated indices 
(first and higher order) is close to one, the SA can be considered completed. 

· If the assessor is not yet satisfied, he/she might try performing transformations 
(e.g. rank or normal score transformations) and applying variance-based methods 
to the transformed data. Again, the sum of the calculated indices will provide 
information about the appropriateness of the method (given that the inputs are 
independent). However, one has to be aware that the transformations will hide 
information which was present in the original data sets (the same being true for 
the rank transformation used for Spearman methods, by the way). The use of 
transformations for variance-based methods is under investigation in the MOSEL/ 
NUMSA projects. 

· If all the above does not lead to satisfying results, distribution-based methods 
should be applied. Here, judging the degree to which the result explains the model 
behaviour is based on a different reasoning: If the expected shift of the output 
distribution when fixing one or more input parameters then there exists no 
significant dependency (Plischke, et al., 2013). Distribution-based methods are 
currently being further investigated. 
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Summary and outlook 

The projects described here aim at deriving an adaptive and stepwise approach to 
sensitivity analysis (SA). Since the appropriateness of a single SA method strongly 
depends on the nature of the model under study, a top-down approach (from simple to 
sophisticated methods) is suggested. If simple methods explain the model behaviour 
sufficiently well then there is no need for applying more sophisticated ones and the SA 
procedure can be considered complete. 

The procedure is developed and tested using a model for a LLW/ILW repository in 
salt. Additionally, a new model for the disposal of HLW in rock salt will be available  
soon for SA studies within the MOSEL/NUMSA projects. This model will address special 
characteristics of waste disposal in undisturbed rock salt, especially the case of total 
confinement, resulting in a zero release which is indeed the objective of radioactive 
waste disposal. A high proportion of zero-output realisations causes many SA methods to 
fail, so special treatment is needed and has to be developed. Furthermore, the HLW 
disposal model will be used as a first test case for applying the procedure described 
above, which was and is being derived using the LLW/ILW model. 

How to treat dependencies in the input, model conservatism and time-dependent 
outputs will be addressed in the future project programme: 

· If correlations or, more generally, dependencies between input parameters exist, 
the question arises about the deeper meaning of sensitivity results in such cases:  
A strict separation between inputs, internal states and outputs is no longer possible. 
Such correlations (or dependencies) might have different reasons. In some cases 
correlated input parameters might have a common physically (well-)known 
fundamental cause but there are reasons why this fundamental cause cannot or 
should not be integrated into the model, i.e. the cause might generate a very 
complex model which cannot be calculated in appropriate time. In other cases the 
correlation may be supported by empirical data, for which no (satisfactory) 
explanatory theory exists. 

· Conservatism in modelling and/or parameter assumptions has an impact on SA. 
Awareness is needed that SA is addressing the simulation model and not the 
physical system under consideration. Conservatism in itself is a mixed blessing, it 
can help handling lacks of knowledge but over-conservatism leads to heavy loss of 
conclusiveness. 

· In the case of time-dependency, especially in simulation over time periods of up to 
a million years, it is expected that a change in parameter importance will occur over 
such a long time. The question is how to identify, treat and rate time-dependent 
sensitivity indices. 

The authors of this paper wonder whether the possibilities and capabilities of SA are 
presently under-used in safety cases or whether appropriately performed SA might 
contribute to improved model (and system) understanding and to the identification of 
possibilities to strengthen model robustness by identifying R&D options. This issue, 
however, goes far beyond the scope of the projects described here. 

It is also remarkable that in most, if not all, cases global SA methods have been 
applied to integrated models and safety indicators such as annual effective dose or 
annual risk. In the projects described here, SA is additionally being applied to flux-related 
performance indicators, by such means focusing the interest on one sub-system rather 
than the repository system as a whole. The authors also wonder about the feasibility and 
potential benefits of applying SA to process models. Such often complex and non-linear 
THMC models generate outputs which could be interpreted as safety function indicators 
(OECD/NEA, 2012b). 
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