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Prioritizing System-Reliability Prediction
Improvements

David W. Coit, Member, IEEE,and Tongdan Jin

Abstract—This method prioritizes system-reliability prediction
activities once a preliminary reliability-prediction has been made.
System-reliability predictions often use data and models from a va-
riety of sources, each with differing degrees of estimation uncer-
tainty. Since time and budgetary constraints limit the extent of ana-
lyzes and testing needed to estimate component reliability, it is nec-
essary to allocate limited resources intelligently. A Reliability-Pre-
diction Prioritization Index (RPPI) is defined to provide a relative
ranking of components based on their potential for improving the
accuracy of a system-level reliability prediction by decreasing the
variance of the system-reliability estimate. If a component has a
high RPPI, then additional testing or analysis should be consid-
ered to decrease the variance of the component reliability estimate.
RPPI is based on a decomposition of the variance of the system-
reliability or on a mean-time-to-failure estimate. Using these in-
dexes, the effect of individual components within the system can be
compared, ranked, and assigned to priority groups. The ranking
is based on whether a decrease of the component-reliability esti-
mate variance meaningfully decreases the system-reliability esti-
mate variance. The procedure is demonstrated with two examples.

Index Terms—Estimation variance, reliability prediction, vari-
ance decomposition.

ACRONYMS1

LB lower bound
MTTF mean time to failure
RPP reliability-prediction prioritization
RPPI RPP index
SD standard deviation
Var variance

I. INTRODUCTION

A. Background

SYSTEM-LEVEL reliability predictions are generally
developed based on a system model and component-level

reliability predictions. Component-level reliability can be
determined from a variety of sources. It is not unusual to use
distinct sources of component-reliability data or models when
predicting system reliability. A new system will likely have
some components that have been used previously so there are
plentiful data available. Alternatively, the same system can
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use newer-technology components with very little reliability
data. For these components, reliability estimation can be based,
e.g., on extrapolated accelerated life testing or an analytic
physics-of-failure model. There are uncertainties within each
of these sources. These uncertainties must be understood to
decide how limited resources should be allocated to improve
reliability predictions.

System-reliability prediction is often conducted iteratively as
the design evolves. For some systems, a preliminary reliability
prediction is determined using previous data to initially com-
pute reliability predictions at the assembly or subsystem-level.
Then, as more detailed design information becomes available,
the assembly-level predictions are updated or replaced with re-
liability predictions based on the components within the assem-
blies. For other system-reliability predictions, a parts-count re-
liability prediction is initially determined, once the parts within
the system have been identified, but prior to determining the
specific stresses acting on the part. Then, when more detailed
design information has been determined, the system-reliability
prediction is revised, and hopefully improved, based on a parts-
stress reliability prediction and part-level models.

When reliability prediction is conducted in stages, it is ad-
visable to prioritize reliability-prediction improvement activi-
ties. The uncertainty of reliability predictions for some com-
ponents might have negligible effect relative to the system-re-
liability prediction. In these cases, it might not be efficient to
devote any additional effort to improving the prediction by de-
creasing the estimation variance. This requires additional and
more detailed analyzes or testing that might yield unimportant
system-level improvements. Alternatively, the reliability predic-
tions for some components have a relatively large effect on the
variance associated with the system-reliability estimate. Then,
additional analyzes or testing is warranted.

This paper develops RPP strategies to prioritize or rank com-
ponents based on their relative impact at the system-level. Dif-
ferent strategies are presented corresponding to when the per-
formance measure is system reliability or system MTTF. The
recommended method is based on system-reliability estimates.
It can be used for all popular time-to-failure distributions (e.g.,
Weibull), but requires the selection of a mission time to pro-
vide a basis for reliability estimation. If there is no meaningful
mission time, then an alternative approach is presented based
on system MTTF. It requires the assumption of constant failure
rates.

System-design schedules are becoming increasingly com-
pressed, and the time and effort available for reliability analyzes
has decreased. There are also more sophisticated analytic tools
to study component failure mechanisms. However, use of these

0018–9529/01$10.00 © 2001 IEEE



18 IEEE TRANSACTIONS ON RELIABILITY, VOL. 50, NO. 1, MARCH 2001

models requires engineering effort and automated analytic
tools. It becomes imperative to prioritize reliability-prediction
activities based on their ability to reduce the variance of the
system-reliability prediction. This paper presents an analytic
method to identify those components that require additional
analyzes or dedicated testing, or alternatively, where a crude
estimate might be sufficient.

B. Sensitivity Measures

Various methods have been proposed to prioritize the most
important or critical components within a system. The methods
can generally be classified as:

• differential analysis methods,
• variance-decomposition methods.

For differential analysis, a sensitivity measure is defined
as the partial derivative with respect to component relia-
bility. Variance-based decomposition methods partition the
system-reliability estimate variance among effects due to the
component-reliability estimate variances. The partition of the
model-output variance can then be used to rank the relative
importance of the input variables. In this manner, the critical
components are identified and additional test resources can
be allocated to improve overall system-reliability estimation.
In general, differential methods indicate which component’s
reliability levels should be increased to increase system re-
liability most efficiently. Variance decomposition methods
indicate which components contribute most to the variance of
the system-reliability estimate, and thus, which components
might require additional testing or analysis to improve the
component-reliability estimate.

Birnbaum [1] proposed the earliest differential importance
measures for 2-state coherent system-reliability analysis. His
measure characterizes the rate at which the system-reliability
changes with respect to changes in the reliability of a given com-
ponent. This measure is sometimes called first-order differen-
tial analysis [2]. Many variations of Birnbaum importance have
been suggested including

• Lambert’s critical importance [3],
• Gandini’s upgrading importance [4],
• Xie and Shen [5] ranking of improvement actions,
• Barlow and Proschan’s importance for-out- : F systems

[6].
A common characteristic of differential-importance mea-

sures is that component parameters are treated as deterministic
without considering the estimation uncertainty. The differen-
tial-sensitivity measures are useful to rank components based
on their potential to improve system reliability. However,
they are only marginally useful to rank component-reliability
estimates based on their potential to minimize the variance of
the system-reliability estimate.

Marseguerra,et al. [2], [7] report that Birnbaum importance
and its extensions are local sensitivity measures in the sense that
the importance, with respect to component reliability,, is eval-
uated at the estimated value,. To remove the local restriction,
a general differential sensitivity model is created by computing
the -expectation of a local sensitivity index over the range of
values. This alleviates the drawback that first-order differential

sensitivity analysis applies only locally. The difficulty associ-
ated with this model is that the joint distribution for allneeds
to be explicitly specified before computing the-expectation.
For systems with complex structures and few failure data, it is
difficult to derive the joint distribution.

Nakashima and Yamato [8] developed a variance-importance
measure based on a Taylor series expansion of the system-un-
reliability function around the mean of the component-unrelia-
bility estimate. Their model decomposes the system-level vari-
ance into a linear sum of individual component-variances by
using a logarithm transformation. Then, the component-vari-
ance importance is defined as the partial derivative with respect
to an individual component variance.

Easterling [9] and Rosenblatt [10] also use variance decom-
position methods to approximate the variance of the system-reli-
ability estimate as the linear combination of the variance of com-
ponent-reliability estimates. When the component reliability is
high and the associated estimation variance is small, the approx-
imation yields very accurate estimates. Based on the variance
of the system-reliability estimate, they further derived-confi-
dence intervals for system-reliability estimate using a binomial
distribution assumption and the asymptotic normality for the
system-reliability estimate respectively.

Cox [11] used conditional -expectation to partition the
variance of the system-reliability estimate among contributing
causes using orthogonal decomposition. This approach applies
for any nonlinear reliability function. However, as relia-
bility-model complexity increases, this approach becomes
cumbersome and difficult to apply. This method is not effective
when there are-correlated model parameters.

Coit [12] proposed a system-variance decomposition
method. This model applies for any system design that can be
decomposed into series and/or parallel connections as long as
component reliability estimates are mutually-independent. Jin
and Coit [13] extended this variance decomposition to systems
with arbitrarily repeated components. Subsystem-reliability
estimates might be-dependent due to the repeated use of the
same type of component. This extension is valid for systems
with series, parallel, and series-parallel structures.

Hora and Iman [14] and McKay [15] analyze the sensitivity
problem based on the decomposition of the variance of a
system-performance index. They use the-correlation ratio of
each component as the importance measure. The variance-de-
composed method measures the proportion of the unconditional
variance of the system reliability that can be attributed to the
variance of the -expected value of the system reliability,
conditioned on the specific component parameter.

Variance is not always a robust measure of uncertainty when
the model parameters experience highly skewed or fat-tailed
distributions. To address this case, Iman and Hora [16] use the
log-regression approach to transform the uncertainty sensitivity
calculation into a logarithmic scale for the system-performance
index. The log scale produces a reliable ordering of the variance
sensitivity measures for each parameter. However, the approach
fails to provide an absolute measure of importance in the ordi-
nary scale of the analysis.
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Notation

reliability of component at time

implies an estimate

system reliability at time, as a function of

exponential distribution parameter for component
(failure rate)

: MTTF for component
empirical estimate of failure rate
estimate of weighted average failure rate
number of failures used to estimate
variance of the component reliability, or of the
MTTF estimate, for component , or

; , prioritization based on
system reliability, or ; ,
prioritization based on system MTTF
RPPI: .

C. Assumptions

1) Components within a system operate and fail-indepen-
dently.

2) Components and the system are in 1 of 2 states: operating
or failed.

II. RPP

RPP strategy requires that a preliminary reliability prediction
(e.g., parts-count or assembly-level) has been determined. Once
a preliminary reliability prediction has been calculated, it is nec-
essary to decide how to improve the reliability prediction by de-
creasing the estimation variance. It would be desirable to con-
duct detailed engineering analyzes of each component and to
perform dedicated life testing of each component; however, this
generally is not possible, given the time and budget constraints.

A method is presented to rank system RPP activities ac-
cording to a RPPI. The RPPI provides an approximate measure
of the proportion of the system-level reliability estimate
variance that can be attributed to a particular component. The
components can then be ranked in accordance with the RPPI.
This can serve as a quantitative guide to allocate additional
engineering effort and testing.

Two RPPI methods are presented depending on whether
system reliability or the system MTTF is the appropriate
performance measure. RPPI based on system reliability is
preferred. It is less complex (involves fewer calculations) and it
is appropriate for any component time-to-failure distributions
or a mix of distributions. If there is no meaningful mission time
to provide a basis for reliability estimation, then RPPI indexes
based on MTTF are useful. They are appropriate only for
systems with components that have exponential time-to-failure.
If a system has components whose time-to-failure is distributed
according to some other distribution, we recommend that a
compromise mission time be selected (e.g., average operating
time in a year) and the reliability-based RPPI approach be used.

A. Variance Decomposition

It is necessary to estimate the variance of the system-relia-
bility estimate based on the system configuration, component
reliability estimates, and the variance of those estimates. The
variance of the system-reliability estimate was determined as a
function of the component reliability estimates and the associ-
ated variance measures for systems with-independent compo-
nent reliability estimates [12], and for systems with arbitrarily
repeated components [13].

The objective of variance decomposition is to separate the
system-reliability variance estimate into decomposed subcom-
ponents that can be assigned or attributed to the individual
system-components. Sobol’ [17] presented a technique to
decompose the variance of a model with random inputs, by
decomposing the variance into additive subcomponents for
the individual random variables and every possible interac-
tion term. Homma and Saltelli [18] extend this approach to
investigate the influence of individual parameters. Wheeler and
Spulak [19] describe variance decomposition for failure-fre-
quency estimates to be used in probabilistic risk assessments. A
similar approach is used here to decompose system-reliability
estimate variance.

1) Reliability Performance Measures:When there is a
meaningful mission time or time period of interest (e.g., war-
ranty period, useful life), then system-reliability measures are a
convenient performance measure. A system-reliability estimate
is determined by using. If is an unbiased estimate, then

(1)

Decomposition of the variance is based on a Taylor series ex-
pansion of . Equation (2) is a restated but
equivalent form of the system-reliability expansion in [20]. It as-
sumes that the system-reliability estimate is-unbiased. In prac-
tice, the following method can still be applied to obtain useful
priority classifications as long as is approximately un-
biased

(2)

The -expected value of the Taylor series expansion is used
to estimate the variance. If the component-reliability estimates
are -independent and-unbiased, then the-expected value of
the expansion can be simplified. Under these conditions,
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Therefore,

(3)

The system-reliability estimate variance can now be approx-
imately represented as a linear combination of the variance es-
timates of the individual components; see also [19].

The represents the approximate decrease in the system-
reliability estimate variance if is known with certainty, i.e.,

. The decomposed variance is,

(4)

The equals the Birnbaum sensitivity measure squared. There-
fore, although fundamentally different, variance decomposition
and reliability sensitivity measures are related.

The variance decomposition is based on the first several terms
of a Taylor series expansion. If the component reliability distri-
butions are from very differently-shaped distributions with large
variance, the approximate variance estimation error can become
large, and this can affect the rankings. In practice, it is often dif-
ficult to determine the shape of the distribution, based on limited
data. However, if it is known that the distributions are heavily
skewed, an approach can be developed similar to log-regression
approach [16]. Alternatively, the Taylor series expansion can in-
clude additional terms to improve the approximation [19].

2) MTTF Performance Measures:Some systems are in-
tended to be used for unspecified and prolonged periods of
time. For these systems, there is no meaningful mission time
to use as a basis for reliability estimation,viz, probability of
success. For these applications, analogous variance decompo-
sition methods have been developed based on the variance of
the system MTTF estimate. This decomposed MTTF estimate
variance is more difficult to use and more restrictive, compared
to the corresponding reliability estimate decomposition.

The equations in this Section II-A-2 apply when all com-
ponent-failure times have an exponential distribution. System
MTTF can be estimated based on a system model and estimated
exponential distribution parameters for the components within
the system

MTTF MTTF

The variance of the system-MTTF estimate can be decomposed
using the same approach as for the system-reliability estimate
decomposition. The decomposition is based on. For expo-
nentially distributed failure times, the variance decomposition
expression yields closed-form expressions. System variance de-
composition requires the variance of the estimate of .
This can be estimated based on experience, or given time-to-

failure data; the asymptotic variance can be obtained from the
inverse of the Fisher information matrix

MTTF

(5)

The system-MTTF estimate variance can now be approximated
as a linear combination of the variance estimates of the indi-
vidual components

(6)

The represents the approximate decrease in the
system-MTTF estimate variance if is known with certainty:

. The decomposed variance equation is

MTTF

B. RPPI

RPPI is a dimensionless parameter that represents the approx-
imate proportion of the system-reliability estimate variance that
can be attributed to a particular component. Since the goal of
reliability prediction is to produce a system-reliability estimate
with minimum variance, the components with the highest RPPI
are the best candidates to improve the reliability prediction by
testing, or by additional and/or more thorough analyzes. RPPI
is computed by normalizing the variance expansion so that the
terms add to 1:

RPPI (7)

RPPI is proportional to which is related to Birnbaum sensi-
tivity measures. If is the same for all components, then RPPI
and Birnbaum rankings are the same. However, oftenvaries
substantially among the components within a system.

RPPI is used to assign components into priority group
1 or priority group 2. Components in priority group 1 are
those that require further analysis or dedicated life-testing
because the system-reliability estimation variability can be
meaningfully decreased if the component reliability estimates
have lower variance. For those components in priority group 2,
the system-reliability estimate variance is not decreased in any
meaningful way by a better reliability estimate. Therefore, for
those components in priority group 2, the preliminary estimates
do not necessarily require updating, even if they are highly
variable. Limited analysis and testing budgets can be allocated
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Fig. 1. Cumulative RPPI plot.

to those components in priority group 1, where the benefits are
more readily evident.

Once RPPIhas been computed for each component, they are
rearranged from highest to lowest, in accordance with a Pareto
analysis. Then, the priority groups are determined as shown in
Fig. 1.

The components are assigned to a priority group based on one
of two selection strategies:

• threshold value for cumulative RPPI,
• a pre-selected fraction of components.

If a threshold value is selected (e.g., 0.99, 0.999), then
all component indexes with a cumulative RPPI index less than

are defined as priority group 1. Components with a higher
cumulative RPPI index are defined as priority group 2.

The is a relative measure;

• means that all preliminary reliability predictions are
satisfactory (group 2),

• means that none of the preliminary reliability pre-
dictions are satisfactory (group 1).

Higher values should be chosen for design problems where
it is more critical to have an accurate system-reliability predic-
tion. Often some components dominate the system-variance de-
composition and it is advisable to select a .

For some system-reliability design problems, a relatively few
components dominate the RPPI. In this case, an alternative pri-
ority group selection strategy is to pre-select some fraction of
components (e.g., 20%, 50%) to analyze in more detail. The
components are ranked and the highest fraction (pre-selected)
are subjected to further analysis.

When applicable, the best policy is to allocate RPPImea-
sures and determine priority groups iteratively as the design
evolves. The RPPI indicates the potential for decreasing system-
level variability, but it does not measure the feasibility or ease
of decreasing component-level estimation variance.

The RPPI procedure does not consider the cost of the addi-
tional analyzes or testing required to decrease component-esti-
mate variance. In practice, this is important. The method could
be revised by dividing by a cost metric to yield cost-adjusted
RPPI metrics.

C. Override Principle

The RPP strategy is useful to rank the potential for improve-
ment. Priority group 1 components are recommended for further
and more detailed analysis or testing. Some components should
be grouped into priority group 1 without regard to RPPI calcu-
lation; this override principle is invoked when at least 1 of these
4 conditions apply:

• Failure, mode and effects analysis (FMEA) classifies the
component in the highest (most severe) severity class.

• Component technology is unproven and has yet to be
demonstrated in fielded systems.

• The component is in a redundant configuration and the ef-
fect of common-cause failures is believed to be important.

• Other system or operational specific condition dictates
more detailed analyzes, independent of the RPPI.

III. ESTIMATION OF COMPONENT-RELIABILITY ESTIMATE

VARIANCE

Component-reliability estimates have various degrees
of uncertainty depending on the nature and source of the
data. Several sources of component-reliability predictions
are company-specific field data, accelerated life-test results,
physics-of-failure models, publicly available data [e.g., Re-
liability Analysis Center (RAC)], empirical models (e.g.,
Bellcore, MIL-HDBK-217F), and extrapolation of observed
degradation patterns.

The magnitude and source of the reliability-estimate uncer-
tainty can be very different for each source of component-relia-
bility information.

• For company-specific field data, there could very likely be
statistical uncertainty because of a low number of failures.

• For accelerated testing results, there will also be statistical
uncertainty but there is additional uncertainty caused by
the required extrapolation and the difference between the
actual and test environment.

• For publicly-available generic data, there can be low statis-
tical uncertainty (because of many failures) but an overall
high degree of uncertainty because the associated opera-
tional and environmental stresses are unknown or merged.

• For empirical and physics-of-failure models, there are
other sources of uncertainty.

Computation of RPPI requires an estimate of the variance
for each component-reliability estimate used in the system-re-
liability model. These variance estimates can be calculated for
empirical estimates of component reliability using well-estab-
lished techniques. If there are time-to-failure and associated
censored data for the components of interest, then the reliability
estimate and an estimate of the variance can be made using
Kaplan–Meier [21] estimates, or by considering the binomial
distribution. When accelerated testing or reliability models
are used, other means are necessary to estimate the variances.
Finally, if there is no information available to compute these
variance values, then worst-case estimates are available that
assume that the component reliability estimates are unbiased.

Test data can result from testing conducted at accelerated en-
vironmental stress levels. The Kaplan–Meier or binomial data
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estimates are appropriate for accelerated life test data if the ex-
trapolation factors do not introduce any additional estimation
error. The mission time and failure times can be measured in
compressed or accelerated time units and then extrapolated to
reflect actual usage conditions. However, in most cases, the ex-
trapolation factors introduce estimation error and the variance
is underestimated if it is assumed otherwise. Estimation error is
introduced by both the scarcity of empirical data and the extrap-
olation factor.

System-reliability predictions sometimes use failure rate data
from internal field data reporting systems or published data
compilations [22], [23]. The constant failure-rate has generally
been assumed for these data sources. These failure rates can
be used in a system-reliability prediction if the data originated
from the same type of components operating under the same
environmental conditions. Unfortunately, it is often unclear
whether the environmental and usage conditions are the same
or even analogous. Additionally, the data sources might pool
individual data records together using an implicit homogeneity
assumption. It is often unclear whether that assumption is valid.

The variance estimate should not be based solely on the
pooled estimate unless the data are assuredly from homoge-
neous sources with homogeneous usage profiles. If there is
doubt, it is important to consider the variability of the individual
failure rate estimates (approximated by ) and compute the
variance of the weighted average failure rate. If a homogeneous
population of components is exposed to nonhomogeneous
usage profiles, a conservative estimate of the failure rate
variance can be estimated. Equation (8) pertains to the case
where data are collected from different sources which
may have differences in usage and environmental stress

(8)

A variance estimate for the component-reliability estimate
can then be based on a-normal distribution assumption for
(and equivalently, a lognormal distribution for):

(9)

If no information is available to estimate the component-reli-
ability estimate variance, then an upper-bound estimate can be
computed using (10). There are different upper-bound variance
values depending on whether an LB for component reli-
ability can be defined. The upper-bound values can be used as a
conservative surrogate for the unknown variance. This makes it

Fig. 2. ATC system-reliability block diagram.

more likely that the component is categorized into priority group
1

no LB for

LB can be estimated (10)

These upper-bound values for estimate variance assume that
is an unbiased estimate. It is derived by considering that the
component-reliability estimate is a Bernoulli r.v. (viz,2 possible
outcomes, and 1.0 with the mean ). In practice, the
distribution of the component-reliability estimate is more likely
to be some continuous distribution centered somewhere about
the actual reliability value. Thus, the Bernoulli assumption is
not realistic, but it is useful because it produces the maximum
variance, which then can be used to provide an upper-bound for
component-reliability estimate variance when no other informa-
tion is available.

IV. I LLUSTRATIVE EXAMPLES

RPP is demonstrated using 2 examples. Example 1 is an au-
tomatic train control system. Example 2 is a bridge system from
[5].

A. Automatic Train Control (ATC)

The ATC system is stationed in a fixed location and mon-
itors the speed of bullet trains as they pass. It detects a pre-
ceding train, generates an upper-limit speed, and then, controls
the train operation by the upper-limit speed signal. The system
has redundancy for signal transmission and for logic to gen-
erate upper-limit speeds. There is a fail-safe system for auto-
matic braking. The example is a hypothetical system based on
an actual ATC [24].

The ATC system-reliability block diagram is in Fig. 2 and
component-level information is in Table I. The reliability esti-
mates are based on constant failure-rate assumptions. The vari-
ance estimate for the brake is based on field data, while the other
components and assemblies use worst-case variance estimates,
with LB on reliability where indicated in Table I. The ATC uses
2-out-of-3: G redundancy in two locations in the design. The
amplifier (component 3) is used in several places within the
design, although there is a single estimate available. The ATC
system reliability is,

(11)

The predicted reliability for the ATC is 0.9815 and the approx-
imate variance of that estimate is for a mission time
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TABLE I
ATC SYSTEM-COMPONENTDATA

TABLE II
AUTOMATIC TRAIN CONTROL SYSTEM RPPI RESULTS

of 2 years of constant operation (17 520 hours). The initial relia-
bility prediction was based on a combination of assembly-level
and component-level reliability predictions.

Table II shows the RPPI analysis results. Partial derivatives
of were computed for each component to determine
and . As shown in Table II, the brake contributes almost
half of the system-reliability estimate variance even though the
component-reliability estimate variance is relatively low. How-
ever, the brake reliability is low compared to the other compo-
nents and the brake is not part of a redundant configuration.
Even small variability of the brake-reliability estimate affects
the system-level estimate appreciably.

A threshold value, , of 0.99 was pre-determined for the
system. This means that the components that contribute 0.99
of the decomposed approximate variance measure will be
subjected to more detailed analyzes or additional testing. In ac-
cordance with the Table II results, components 8, 1, 7, 3 should
be in priority group 1. The reliability of these components
should be further analyzed, and dedicated life testing should be
contemplated.

B. Bridge System

Fig. 3 and Table III show the bridge system and corre-
sponding data. This system was analyzed [5] to demonstrate
its sensitivity measures. Several shortcomings with Birnbaum
sensitivity measures [1] were identified, and revised sensitivity
measures were proposed. Only component reliability point-es-
timates were originally provided. Typical variance estimates
were assumed, and presented in Table III, to demonstrate the
RPP process. Table III also presents the data and the analysis
results. If a was selected, components 1, 2, 3, 4 would
be assigned to priority group 1, and component 5 would be
assigned to priority group 2.

To compare RPPI indexes with other sensitivity measures,
Table III includes Birnbaum sensitivity measures and 2 revised
sensitivity measures from [5]:

Fig. 3. Bridge system.

• (labeled X and S redundant) is the increase in system reli-
ability if a redundant component is individually added for
each component in the system;

• (labeled X and S perfect) is the increase in system relia-
bility if each component is replaced by an equivalent com-
ponent with a reliability of 1.0.

Birnbaum sensitivity measures are the partial derivative of
system reliability with respect to component reliability (which
is equivalent to the difference in system reliability if the com-
ponent has a reliability of 1.0 compared to a reliability of 0.0).

Table IV presents the rankings of the 5 components within the
bridge system with respect to each of the rankings. As the rank-
ings in the table demonstrate, different components are ranked
differently depending on the particular index. This is not unan-
ticipated because the particular indexes measure different char-
acteristics.

Birnbaum [1] and Xie and Shen [5] indexes are intended to
characterize how sensitive system reliability is to changes in
component reliability. Therefore, they are useful to assess the
impact of improving component reliability. Alternatively, RPPI
indicates how sensitive the variance of the system-reliability es-
timate is to changes in the variance of the component-reliability
estimate. Thus, Birnbaum [1] and Xie and Shen [5] indexes are
useful to decide which components to improve, whereas RPPI
is useful to determine which components should be subjected to
more testing or detailed analyzes to decrease the variance of the
component-reliability estimate.

V. DISCUSSION

RPPI and priority groups have been defined to compare com-
ponents and to provide a relative ranking of components based
on their potential for meaningful improvement at the system-
level. RPPI is based on a decomposition of the variance of the
system reliability or MTTF estimate. RPPI is approximately the
proportion of the system-reliability estimate variance that can
be attributed to an individual component. The goal of reliability
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TABLE III
BRIDGE SYSTEM RPPIAND SENSITIVITY MEASURECALCULATIONS

TABLE IV
SENSITIVITY MEASURERANKINGS

prediction is to estimate system reliability with minimal vari-
ance. Therefore, components with higher RPPI should be ex-
posed to additional testing or analyzes to improve the reliability
prediction because the improvement will be more readily ap-
parent at the system-level.

Reliability sensitivity measures and RPPI are fundamentally
different because they are intended to measure different charac-
teristics. However, the Birnbaum sensitivity measures and RPPI
are mathematically related. The from (4) is the [Birnbaum
sensitivity measure]. RPPI is proportional to ; thus if is the
same for all components, then the RPPI and Birnbaum rankings
are the same. For many systems, these indexes often do corre-
spond. However, for other systems they differ, as in Table IV.
The RPPI indexes are most useful when component reliability
estimates are from a variety of sources with varying variance
levels.

Birnbaum sensitivity measures and RPPI can also be concep-
tually related. If the Birnbaum sensitivity measure is small, the
system reliability is insensitive to relatively large shifts in com-
ponent reliability. If this is true, then it is logical to conclude
that prediction errors (analogous to real increases or decreases in
component reliability) would also have smaller effect. Since the
RPPI rankings are equivalent to Birnbaum sensitivity rankings
when is the same for all components, the Birnbaum measures
can be considered as a special case of the RPPI. An expanded
and generalized RPPI sensitivity measure could be developed to
characterize formally both the effect of improvements in com-
ponent-reliability and in component-reliability estimation vari-
ance.

System-reliability prediction and the associated sensitivity
measures are generally based on the assumption that compo-
nents, and thus the system, are in either a failed or a full oper-
ational state. In practice, there can be multiple degraded states.
In the degraded state,

• the system can continue to provide full operational capa-
bility, but observed deterioration can allow for a prediction
of reliability before experiencing any failures, or

• the system might not provide full operational capability,
but it can still provide some partial operational capability.

In practice, both of these scenarios can be useful for modeling
complex systems. Extension of the RPPI concept to address this
reliability modeling will be particularly useful because extrap-
olation of observed degradation trends can introduce prediction
uncertainty.
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