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Abstract: In risk and reliability analysis a number of importance measures are used, 
including  traditional measures such as the Birnbaum’s measure, the improvement 
potential and the risk achievement worth, as well as uncertainty importance measures 
reflecting how uncertainties on the component level influence the uncertainties on the 
system level. Two examples of the latter type of measures are the correlation coefficient 
and the change in the variance of the reliability of the system when ignoring the 
uncertainties in the component reliability. In practice it is a challenge to select the 
appropriate importance measure for different applications of risk and reliability analyses. 
The purpose of the present paper is to provide a guideline for this selection. A structure 
for the guidance is established based on three areas of application: design, operation and 
maintenance (testing). For each of these areas some specific types of importance measures 
are recommended, covering both traditional measures and uncertainty importance 
measures.  An example is presented to show the applicability of the guideline.  

Keywords: Importance measures; guideline for selection; risk; reliability; uncertainties     

1. Introduction 

An important task in risk and reliability management is to identify the most critical events 
or components with respect to risk/reliability. In risk and reliability analysis the typical 
setting analyzed is as follows: In order to assess a reliability or risk index r a model g(q) is 
introduced which links a set of input quantities q=(q1, q2,…,qn) to r. For example in system 
reliability analysis the index of interest is the system reliability h, and the model is the 
system reliability function h(p), where p=(p1,p2,…pn) is the vector of the component 
reliabilities. The components could be repairable or non-repairable. Hence reliability can 
also be interpreted as availability. Various importance measures are used to rank the 
components based on for example how changes in pi affect h(p). We refer to these as 
traditional importance measures. The ranking of events/components provide input to 
decisions on risk reduction and system improvement. Examples of such importance 
measures include the Birnbaum measure (B), the Improvement potential (I), the Risk 

Achievement Worth (RAW), the Risk Reduction Worth (RRW) and the Fussel-Vesely 

measure (F-V), see Vaurio [23], Modarres [20], van der Borst and Schonakker [22], 
Borgonovo [10], Rausand and Høyland [21] and Aven and Jensen [4].  
     Another group of importance measures is uncertainty importance measures, which 
reflect how uncertainties on the lower level (component level) influence the uncertainties 
on the higher level (system level). In this setting the aim is to assess a quantity Y (which 
could be a vector). To this end a model Y = G(X) is introduced which links a set of input 
quantities X=(X1, X2,…,Xn) to Y. The uncertainty importance measures link uncertainties 
about Xi with the uncertainty about Y. Examples of uncertainty importance measures are 
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the correlation coefficient and the change in the variance of Y when ignoring the 
uncertainties in Xi [5]. For such measures see also Borgonovo [12], Iman [18], Iman and 
Hora [19] and Cho and Yum [15].  
     In a practical setting, there are a large number of importance measures to select 
from, and it can be a challenge to determine the measures that should be used. Some 
guidelines and recommendations for selecting importance measure have been developed; 
see e.g., Vesely et al [24], Eisenberg and Sagar [17], van der Borst and Schonakker [22], 
and Cheok et al [14], but these are not addressing the full spectrum of measures. Focus is 
either on the traditional importance measures or on the uncertainty importance measures. 
In this paper we seek to include both categories of measures. We will argue that for many 
typical situations in real life the choice is basically between four categories of measures:  

i. measures reflecting changes in system performance due to small changes in 
component performance,  

ii. measures reflecting changes in system performance due to large (maximum) 
improvement changes in component performance,  

iii. measures reflecting changes in system performance due to large (maximum) 
reduction changes in component performance, and  

iv. measures looking at relationships between component performance 
(uncertainties) and system performance (uncertainties). 

Furthermore, in operation, measures in category i) and iv) are the most adequate ones, in 
design primarily measures in category ii) and iv), whereas in maintenance (i.e., testing) 
measures in category iii) and iv) should be highlighted. Based on these considerations, a 
guideline for choosing appropriate measures in a specific case are developed (Section 2).  
     Obviously different situations call for different importance measures [7,22]. Van der 
Borst and Schonakker [22] illustrate this by separating between three different decision 
situations; test and maintenance activities, daily configuration control and (re)design of 
nuclear power plants. Other researchers and analysts distinguish between design and 
operation. The guideline we propose in the coming section is based on the following 
categorisation of decision situations:  

a) Design, i.e., improvement of design,  
b) Operation, i.e., operational improvements 
c) Maintenance, i.e., testing     

Other situations, for example linked to inspections where the components remain 
functioning while being inspected are not covered.    
     Following the guideline in Section 2 we present an example of application in 
Section 3, before we discuss the guideline’s strengths and weaknesses in Section 4.  The 
final Section 5 provides some conclusions. The appendix presents a list of commonly used 
importance measures. It should be noted that the purpose of the paper is not to provide an 
“all-inclusive” review of existing importance measures. There exist many other measures 
than those listed in the appendix, we refer to discussion in Section 4.  The appendix is 
just a short overview of the definitions of the key importance measures referred to in the 
main text – to ensure common understanding of these.    
     Finally in this introduction section we would like to stress that the present paper 
restricts attention to importance measures of “basic units” of the system. We do not 
address for example the importance of classes of components.  Further discussion of the 
limitations and boundaries of the study is given in Section 4.   
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2. A Guideline for Selecting Importance Measures  

Figure 1 shows the main ideas of the guideline based on a distinction between the three 
decision situations a), b) and c) introduced in the previous section.  
 

 

Decision 

situation: 

a) Design 

Ranking according to measures reflecting changes 

in system performance due to  

 
Large (maximum) improvement changes in 
component performance 
 
Example: Improvement potential, RRW 
 

Ranking according to measures reflecting changes 

in system performance due to  

 
Small changes in component performance 

 

Example: Partial derivative, Birnbaum 
 

 

 

 

 

 

 

 

Ranking according to 

measures looking at the 

 

Relationship between 
component 

performance 

(uncertainty) and 

system performance 

(uncertainty) 
 
 

 

Example: Correlation 

 

b) Operation 

c) Maintenance 

(testing) 

Ranking according to measures reflecting changes 

in system performance due to  

 
Large (maximum) reduction changes in 

component performance 

 

Example: Risk Reduction, RAW 
 

Uncertainty 

Importance 

Measures: 

Traditional 

Importance  

Measures: 

 
Figure 1: Suggested Guideline for Choice of Importance Measures 

 
For the situation a), the guideline expresses that importance measures should reflect large 
or maximum changes in component performance, which means a measure of the category 
improvement potential, i.e., the component which has the largest change in the reliability 
or risk performance measure used, is most important. The common importance measure 
Risk reduction worth (RRW) also belongs to this category of measures. These two 
measures (improvement potential and RRW) are equivalent in the sense that they both 
depend on  component i through h(1i,p), and hence give the same ranking.     
     For situation b) the guideline expresses that the importance measures should reflect 
small changes in component performance, which means that a measure based on the partial 
derivative should be used. Birnbaum’s measure is an example of such a measure in a 
reliability context. For this situation we are concerned about operational measures and 
these will normally give rather small effects on the overall system performance measures, 
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hence the derivative could provide a useful indicator. Reconfiguration and major design 
changes are not normally considered relevant options in this project phase.  
     For situation c) the guideline states that importance measures should reflect the 
effect of reduced component performance, which means a measure of the category risk 
reduction. For example, if components are critical for safe operation of the system, 
test/and maintenance activities should not be performed on a system in operation, but 
instead be performed during planned shut-down periods. The common importance 
measure Risk achievement worth (RAW) is equivalent with the measure risk reduction, see 
the Appendix (they both depend on component i through h(0i,p), so they necessarily give 
the same ranking).    
    Note that the measures here defined are general; we may relate performance to 
reliability, availability or risk. For example, for category a), the measure may express a 
fatality risk index, the point being that the measure expresses the change in the index when 
moving the relevant parameter to its best state (this is in fact the general definition of the 
improvement potential). 
     These measures do not however reflect how uncertainties on the component level 
affect uncertainties on the system level, as discussed in Aven and Nøkland [5]. A common 
measure that can be used for all the situations a)-c) for capturing this aspect is the 
correlation measure, and the guideline suggests that this measure should be used in parallel 
to the basic measure recommend above, see Figure 1.  
 

3. Using the Guideline: A Simple Example    

 
In order to illustrate the use of the guideline we introduce a simple fluid tank system [2], 
see Figure 2. The tank functions as a buffer storage for the transport of fluid from the 

source to the consumer.  

     In the system the consumption of fluid is not constant, and the liquid level will 
therefore vary. The control of avoiding overfilling of the buffer storage is automatic and 
consists of three valves (V1, V2 and V3) and two sensors (Level Switch High (LSH) and 
Level Switch High High (LSHH)). The control system can be described as follows: when 
the liquid level reaches a specific height – “normal high”, then the Level Switch High 
(LSH) will be activated and send a closure signal to the valve V1. The fluid supply to the 
tank then stops. If this mechanism does not function, and the liquid level continues to 
increase to “abnormally high level”, then the Level Switch High High (LSHH) will be 
activated and send a closure signal to the valve V2. The fluid supply to the tank will then 
stop. At the same time, the LSHH sends an opening signal to valve V3 so that the fluid is 
drained. The draining pipe has higher capacity than the supply pipe. 
     As in Aven [2] we can represent the system by a reliability-block-diagram, see 
Figure 3. Here the components 1, 2 and 3 correspond to the functioning of the valves 1, 2 
and 3, respectively, and the components 4 and 5 correspond to the functioning of the 
components LSH and LSHH, respectively. In order to avoid the overfilling of the tank 
there are three minimal path sets, {1,4}, {2,5} and {3,5}, and there are four minimal cut 
sets: {1,5},{4,5}, {1,2,3} and {2,3,4}.    
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Figure 2: The Main Features of a Fluid Tank System [2]  
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Figure 3: Reliability Block Diagram for the Fluid Tank System 

Next we will show how the guideline can be applied to this system. We distinguish 
between the three types of decision situations: a) design (improvement of design), b) 
operation (operational improvements) and c) maintenance (testing).    

3.1  Importance Measures in Design – Improvement of Design 

In this situation the system is at the early planning stage, i.e., it is not yet built. There is a 
lot of freedom in how to configure and reconfigure the system, although industry practice 
often provides strong guidelines. But since no components are in place it is possible to set 
requirements to, and add or remove components much easier than at later project phases.  
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For this decision situation, the guideline specifies the use of two types of measures:  
1. Ranking according to measures reflecting changes in system performance 

due to large (maximum) improvement changes in component performance, 
using the improvement potential or RRW 

2. Ranking according to measures looking at the relationships between 
component performance (uncertainty) and system performance (uncertainty), 
using a correlation measure  

To compute the first type of measures we perform a standard reliability analysis of the 
system, summarized in the following:     
     Let pi denote the reliability of component i, i =1,2,…, 5, i.e., the probability that the 
component works as intended at a demand, and let qi = 1 -  pi.   Suppose that a risk 
analysis of the system has produced assignments to pi as shown in Table 1.  

Table 1: Probability Assignments for the Component Reliabilities in the Fluid Tank Example 

Component: qi pi  

1. V1  0.10 0.90 

2. V2  0.05 0.95 

3. V3  0.05 0.95 

4. LSH  0.01 0.99 

5. LSHH  0.01 0.99 

Let h(p), p=(p1,p2,…p5), be the system reliability function. Using that  
                     h(p) = 1 – [1-(p5(1-(1-p2)(1-p3)))](1-p1p4),        (1) 
and the data of Table 1, it follows that h(p) = 0.9986, i.e., the unreliability of the system is 
0.14%.   
     In Table 2 we have computed the improvement potential and RRW for this case.  
These two measures are basically expressing the same: what is the effect on the system 
reliability of assuming the component i is working with probability 1. The improvement 
potential calculates the difference in system reliability assuming that component i is in 
perfect condition (failure-free), while the RRW calculates the fraction of the system 
unreliability to the system unreliability when component i is failure-free. 

Table 2: Ranking based on the Improvement Potential and Risk Reduction Worth 

Ranking: Component: IIP
i  

 
IRRW

i  

1 1. V1 0.0012 11.00 

2 5. LSHH 0.0011 5.00 

3 2. V2 0.0003 1.25 

3 3. V3 0.0003 1.25 

5 4. LSH 0.0001 1.10 

We see from Table 2 that we get the same ranking using these two measures. Component 1 
is most important, then component 5. These two components have the highest potential for 
improving the system reliability.   
     Next we need to compute a category 2 measure, the correlation measure. We need to 
distinguish between two situations: 

A. The quantity of interest is the system failure on demand Y. We express this as a 
function of component failures on demand Xi, and subjective (knowledge-based, 
judgmental) probabilities are used to assess the uncertainties about Y and Xi. 
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B. The quantities of interest are chances (relative frequency-interpreted 
probabilities) and subjective probabilities are used to assess the uncertainties 
about these chances. 

Let Xi denote the state of component i, i=1,2,…, 5, i.e.,  Xi = 1 if component i is 
functioning and Xi = 0  otherwise. Similarly we define the system  state Y as 1 if the 
system is functioning and as 0 otherwise. It is see that  
                   Y = 1 – [1-(X5(1-(1-X2)(1-X3)))](1-X1X4). 
In situation A we assess the relationship between uncertainty about system failure on 
demand Y and uncertainty about component failures on demand Xi using the correlation 
coefficient,  
                     ρ(Xi,Y) = Cov(Xi,Y)/[σ(Xi) σ(Y)].   
where, Cov(Xi,Y) expresses the covariance between Xi and Y, and σ(Xi) and σ(Y) express 
the standard deviation of Xi and Y, respectively. Table 3 presents the results when using 
the input data of Table 1.    
     The computation is straightforward. To determine the covariance we use that  
                 Cov(Xi,Y) = E[XiY] - EXiEY = E[XiY] - pih      
and 
               E[XiY]  =  E[Xi{1 – [1-(X5(1-(1-X2)(1-X3)))](1-X1X4)}].  
The last term is computed by multiplying out the terms and using independence between 
the different Xs.   

Table 3: Ranking of the Five Components based on the Correlation Coefficient in Situation A 

Ranking Component ρ(Xi,Y) 

1 5. LSHH 0.29 

2 1. V1 0.10 

3 3. V3 0.03 

3 2. V2 0.03 

3 4. LSH 0.03 

 
We see from Table 3 that the ranking using the correlation is not the same as in Table 2: 
component 5 and component 1 have switched places, while the three other components 
have almost identical importance values. This result adds information to the decision on 
where to perform design improvements in several ways. Firstly, it strengthens the result 
from the category 1 importance measure (Table 2) which indicates that component 1 and 5 
are the most critical components. Secondly, it provides new information expressing that 
there is a stronger relationship between component failures and system failures for 
component 5 than for component 1.  As component 5 already has a high reliability (0.99) 
compared to component 1 (0.90) a suggested input to the design would be to improve the 
reliability for component 1, while for component 5 add an extra redundant unit (LSHH) to 
ensure system robustness and reduce the vulnerability of the system with respect to failures 
of component 5.  
     In situation B the system reliability h is interpreted as a chance (frequentist) 
probability, i.e., as the fraction of systems functioning when considering an infinite 
population of similar systems. Similarly we interpret the component reliability pi as a 
chance (frequentist probability), expressing the fraction of times component i is 
functioning when considering an infinite population of similar components. We write 
pi=Pf(Xi=1) for i=1,2,…,5, where Pf refers to the frequentist probability. Let qi=Pf(Xi=0) = 
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1 – pi. In this case the framework (Y,G,X) takes the form (h, h(p), p), where h(p) is given 
by formula (1).   
     The true values of these are unknown and knowledge-based probabilities are used to 
express epistemic uncertainties. The procedure is to assign distributions for the component 
reliabilities pi and propagate this to h using the model h(p). Suppose the uncertainty 
distributions for pi are as shown in Table 4, i.e. only three values of pi are allowed. Hence 
the reliability of component 1 could either be equal to 0.85, 0.90 or 0.95, and the 
corresponding knowledge-based probabilities are 0.25, 0.50 and 0.25.  

Table 4: Knowledge-based Uncertainty Distribution PK for pi, i=1,2,..5. 

p1 p2 p3 p4 p5 Pk 

0.85 0.90 0.90 0.95 0.95 0.25 

0.90 0.95 0.95 0.99 0.99 0.50 

0.95 0.99 0.99 0.999 0.999 0.25 

The expected value of h is 0.9976, but there is considerable uncertainty about the true 
value of h as the possible values of h range from 0.9885 to 0.9999.  
     From this input we can compute the correlation coefficient measure, using the 
formula ρ(pi,h(p)) = Cov(pi, h(p))/(σpi σh(p)).  The ranking obtained is shown in Table 5. 
To compute Cov(pi, h(p)) we use that  
           Cov(pi, h(p)) = E[pih(p)] -  Epi Eh(p) = E[pih(p)] -  Epi h(Ep) 
and  
             E[pih(p)] = E[pi{1 – [1-(p5(1-(1-p2)(1-p3)))](1-p1p4)}].    
Here, h(Ep) = 1 – [1-(Ep5(1-(1-Ep2)(1-Ep3)))](1-Ep1Ep4), and E[pih(p)] is computed by 
multiplying out the terms of pih(p) and using independence between the different p’s. Note 
that by the rule of double expectations,   
                     E[pi] = E[EXi |pi]  = EXi = P(Xi = 1).  

Table 5: Ranking of Five Components based on the Correlation Coefficient in Situation B 

Ranking: Component: ρ(pi,h(p)) 

1 5. LSHH 0.76 

2 1. V1 0.24 

3 4. LSH  0.12 

4 2. V2 0.07 

4 3. V3 0.07 

Hence the correlation coefficient ρ(pi,h(p)) is largest for component 5 followed by the 
components 1, 4, 2 and 3 There is a strong relationship between the system reliability h 
and the  reliability of component 5, i.e., “large” (“small”) values of p5 correspond to 
“large” (“small”) values of h.  
     The results of Table 5 resemble those obtained in situation A (Table 4). For 
component 5 we should consider to add an extra redundant unit (LSHH) to ensure system 
robustness and reduce the vulnerability of the system with respect to failures of component 
5.  
     The analysis for situation B is more complicated than the one carried out for 
situation A, and the added value obtained by the “B analysis” compared to the “A 
analysis” can be questioned. The difference between the situations is that in the A case the 
correlation applies to one system whereas in the B case the correlation applies to the 
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average of a huge number of similar systems. The B case makes a distinction between 
aleatory uncertainties (variation) expressed by the chances and epistemic uncertainties 
expressed by the knowledge-based probabilities, but for the purpose of the importance 
measure this distinction may not seem essential. The key feature that we would like the 
measure to reveal seems adequately reflected by the case A measure, and as this measure 
is much easier to derive, we consider it the preferred approach.  

3.2  Importance Measure in Operation – Risk Reduction 

In this situation the system of interest is built and in operation. In the operation phase all 
components are in place and the options for reconfiguration are often limited. As part of 
an overall risk management process the system is assessed for possible implementation of 
risk reducing measures.  
     For this decision situation the guideline specifies the use of two types of measures  

1. Ranking according to measures reflecting changes in system performance 
due to small changes in component performance, using the Birnbaum 
measure or the differential importance measure (DIM) 

2. Ranking according to measures looking at the relationships between 
component performance (uncertainty) and system performance (uncertainty), 
using a correlation measure  

For type 1 measures we can use the same set-up as in Section 3.1. Assuming the same 
component reliabilities we obtain the ranking based on the Birnbaum and the differential 
importance measure (DIM) in Table 6. 

Table 6: Ranking based on Birnbaum Measure and DIM 

Ranking Component IBI
i  

 
IDIM

i  

1 5. LSHH 0.1087 0.7598 

2 1. V1 0.0124 0.0863 

3 4. LSH 0.0112 0.0785 

4 2. V2 0.0054 0.0377 

4 3. V3 0.0054 0.0377 

The main reason for selecting a measure from this category is the focus on incremental 
improvement. In a system consisting of already highly reliable components a maximum 
potential improvement is of less interest. From Table 6 we see that we get the same 
ranking using these two measures. 
     For type 2 measures the approach and results are the same as in Section 3.1 above.  
We see that the result in Table 3 and Table 5 are very similar to the ranking in Table 6.  
     The results of Table 6 confirm the ranking from the type 1 measures. Small changes 
in component 5 has the largest effect on system performance, and the correlation measure 
shows  that there is a stronger relationship between component 5 performance and system 
performance compared to the other components.  

3.3  Importance Measure in Maintenance – Consequence of Testing 

In this situation the system of interest is in operation, but instead of identifying 
components subject to improvement focus is on how potential failures or lapsed 
components affect system reliability. This is of interest when planning different 
maintenance activities for example testing single components. If a component is critical 
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for safe operation of the system, test/and maintenance activities should not be performed 
on the system in operation, but during shut-down periods.  

For this decision situation the guidelines specifies the use of two types of measures  
1. Ranking according to measures reflecting changes in system performance 

due to large (maximum) reduction changes in component performance, for 
example Risk Reduction  and Risk Achievement Worth  

2. Ranking according to measures looking at the relationships between 
component performance (uncertainty) and system performance (uncertainty), 
using a correlation measure  

For type 1 measures we can use the same set-up as in Section 3.1. Assuming the same 
component reliabilities we obtain the ranking based on the Risk Reduction and Risk 
Achievement Worth in Table 7. 

Table 7: Ranking based on the Risk Reduction and Risk Achievement Worth 

Ranking Component IRR
i  

 
IRAW

i  

1 5. LSHH 0.1076 80.16 

2 1. V1 0.0111 9.17 

2 4. LSH 0.0111 9.17 

4 2. V2 0.0051 4.77 

4 3. V3 0.0051 4.77 

The main reason for selecting a measure from this category is the focus on potential 
reduction in system performance following a component failure. Performing testing or 
maintenance on a system that is in operation mean that the component can be considered 
as failed for the period it is under test. 
     The risk reduction calculates one-at-the-time the difference in system reliability 
assuming that component i is in a failed condition, while the RAW calculates the fraction 
of the system unreliability when component i is failed to the unaltered system unreliability. 
In Table 7 we see that we get the same ranking using these two measures. 
     For type 2 measures the approach and results are the same as in Section 3.1 above.  
We see that the result in Table 3 and Table 5 are very similar to the ranking in Table 7. In 
Table 7 we see that component 5 is ranked first with the components 1 and 4 on second 
place and the components 2 and 3 last. 
     Again, this result confirms the ranking from type 1 measures. A large reduction in 
component performance for component 5 has the largest effect on system performance, 
and the correlation measure confirms that there is a stronger relationship between 
component 5 performance and system performance compared to the other components.  

4.  Discussion 

The guideline presented in the previous section provides a tool for simplifying the 
selection of appropriate importance measures in specific situations (design, operation and 
maintenance). The basis for the guideline is a categorization of the measures into the four 
categories i)-iv) introduced in Section 1. For the three specific situations the guideline 
specifies that only two of these categories i) – iv) are needed.  
     Any type of guideline as this would necessarily mean that simplifications are 
required. The gain obtained by simplicity is to be balanced against the risk of not applying 
the most adequate measures in a specific case. One may argue that different situations and 
settings call for different measures [7], but there is no reason why for example similar 
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design situations (improvement in design) should need different measures. Hence there is a 
potential for establishing some overall guidelines for supporting the selection of measures. 
Several such guidelines exist as noted in Section 1, but as far as we know, none of these 
cover both traditional importance measures and uncertainty importance measures.  
     The challenge is then to identify the most suitable measures in each category or 
setting. For each of the three situations covered, a natural candidate exists based on the 
traditional importance measures. In design when focusing on design improvements the 
improvement potential is the obvious candidate or any related measures such as RRW 
which basically expresses the same as the improvement potential. In operation when 
focusing on operational improvements we are led to the partial derivative as the obvious 
measure. And finally, in the  maintenance case when testing is the issue, the risk 
reduction measure or the RAW measure are obvious candidates as they express the effect 
of system performance by reducing the performance level of the tested unit.  
     The different measures in each category may in specific cases provide different 
rankings. However, normally the ranking would be the same as we experienced in the 
analysis in the previous section. For example, the results showed the same ranking for the 
improvement potential of the RRW for design, the Birnbaum measure and the DIM for 
operation, and risk reduction or RAW for maintenance decisions. From a practical point of 
view, it should be sufficient to consider only one measure in each category. Our guideline 
does not prescribe which measure to use as different analysts may have different 
preferences at this level.  
     Some common measures are not mentioned in the guideline, such as the Fussell-
Vesely importance measure. For the purpose of the situations covered by the guideline, 
these are not required. However, other situations than those considered in this paper may 
motivate these measures, as underlined below. Note that the Fussell-Vesely measure is 
identical to the improvement potential in typical real-life cases [3], p. 114.  
     Examples of other situations and measures not mentioned in the guideline can be 
found in Dunglinson and Lambert [16] and Beeson and Andrews [6], where the sequence 
in which components fails matter, as well as in Andrews [1] who analyses so-called phased 
mission systems where it is  assumed that the system components cannot be repaired 
during the mission. In the determination of the importance measures for the phased 
mission systems, the contribution to phase failure is considered in two aspects: failure 
during the phase (in-phase importance) and failure on transition to a phase (transition 
importance). These examples stress the need for seeing the present guideline in its proper 
context – it is not universally applicable – it works for some situations and systems only.    
     In between the assumptions of small changes and large changes, there is the wide 
range of “intermediate changes”. In these cases, interactions might be relevant. A recent 
work addressing this issue and also providing a review of relevant papers in this field is 
Borgonovo [9]. It would be an interesting future research activity to study how importance 
measure including interactions could supplement the suggested framework. A key question 
would be for what type of situations this type of measure would add new insights 
compared to the extreme cases of small and large changes.  
    For the uncertainty importance measures it is not so easy to point to such obvious 
candidate measures. In addition to a correlation measure the well-known variance measure 
[18],  
             Ii = Var[Y] – E{Var[Y│Xi]} = Var{E[Y│Xi]}                   (2) 
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was considered,  however, it was quickly removed from the candidate list as it address 
uncertainties seen in relation to expected values, which basically means that the measure 
addresses uncertainties but do not link these to the overall performance of the components 
and the system studied. Hence it would not be suitable for the categories of situations 
covered by the guideline.   
     The selected correlation measure on the other hand link uncertainties in the input 
(component performance) with uncertainties in the output (system performance), and is 
from a practical point of view also an easy measure to communicate as it expresses the 
strength in relationship between component and system performance (uncertainty) on a 
scale from -1 to 1. As illustrated in Section 3.1 the correlation measure provides useful 
results both if the quantities of interest are the relationship between system failure on 
demand and component failures on demand as in situation A, or the relationship between 
chances as in situation B.  
     There exist many other uncertainty importance measures, see for example 
Borgonovo [11,12] and  Iman and Hora [19]. Many of these are variance-based and they 
were excluded for the same reason as (2).  Borgonovo [12] provides an interesting 
discussion of the problems related to using variance-based approaches for describing the 
uncertainties; the variance-based approaches are compared with importance measures 
which are moment independent.   
     In the presented guideline the correlation measure is the selected uncertainty 
importance measure, but we acknowledge that there could be different views on this 
choice. We have provided arguments for the correlation measure, also covering aspects 
like simplicity and understandability, but it is not possible to objectively prove that one 
measure is the best one.  We hope that our selection can further stimulate the discussion 
on the appropriateness of the various uncertainty importance measures. In our view the 
distinction made in this paper between the two situations A and B provides an important 
mechanism for providing new insights on this issue, as the quantities of interest are critical 
for determining how to achieve adequate decision support.  
     Considering importance ranking in a wider risk management framework it is 
important to remember that the risk (reliability) analysis forming the basis for the 
importance ranking builds upon many assumptions and prerequisites, for example related 
to models and data used. Use of sensitivity analysis showing the effect of changes in 
relation to such assumptions and prerequisites should always be conducted to inform the 
decision makers about the boundaries of the analysis.  
     We will stress that the guideline is, of course, not prescriptive - specific applications 
could justify other measures than those indicated by the guideline. It is essential that the 
importance measures chosen adequately support the decision-problem at hand and are 
consistent with the risk/reliability metric used as was mentioned above. The latter point of 
consistency is illustrated by the above discussion concerning the difference between the 
situations A and B.  In this respect, one should avoid using traditional importance 
measures just because they are "traditional".  

5. Conclusion 

We have presented a guideline for selecting traditional importance measures and 
uncertainty importance measures distinguishing between four categories of measures and 
suggested use in three different decision situations.  A simple example has been used to 
illustrate the use of the guideline.  
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     For each of the three situations covered, a natural candidate exists based on the 
traditional importance measures. In design when focusing on design improvements the 
improvement potential is the obvious candidate. In operation when focusing on 
operational improvements we are led to the partial derivative as the obvious measure. And 
finally, in the maintenance case when testing is the issue, the risk reduction measure is an 
obvious candidate as it expresses the effect of system performance by reducing the 
performance level of the tested unit. The correlation coefficient has been selected as the 
preferred uncertainty importance measure for all three decision situations. It can be 
applied to either the unique system considered or the average of such systems (situations A 
and B in Section 3.1). The key feature that we would like the measure to reveal seems 
adequately reflected by the situation A measure, and as this measure is much easier to 
derive, we consider it the default approach. The guideline is considered novel as it covers 
both traditional importance measures and uncertainty importance measures.  
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Appendix  

 
Importance measures using the set-up and categorization introduced in Section 1, based on 
Modarres [20], van der Borst and Schonakker [22], Borgonovo [9-12], Borgonovo and Apostolakis 
[13], Rausand and Høyland [21], and Aven and Jensen [4].  
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