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ABSTRACT

This paper examines false indication probabilities in the context of the Mitigating System 
Performance Index (MSPI), in order to investigate the pros and cons of different approaches to 
resolving two coupled issues: (1) sensitivity to the prior distribution used in calculating the 
Bayesian-corrected unreliability contribution to the MSPI, and (2) whether (in a particular plant 
configuration) to model the fuel oil transfer pump (FOTP) as a separate component, or integrally 
to its emergency diesel generator (EDG).  False indication probabilities were calculated for the 
following situations: (1) all component reliability parameters at their baseline values, so that the 
true indication is green, meaning that an indication of white or above would be false positive; (2) 
one or more components degraded to the extent that the true indication would be (mid) white, and 
“false” would be green (negative) or yellow (negative) or red (negative). In key respects, this was 
the approach taken in NUREG-1753.  The prior distributions examined in this paper are 1) the 
constrained noninformative (CNI) prior used currently by the MSPI, 2) a mixture of conjugate 
priors, 3) the Jeffreys noninformative prior, 4) a nonconjugate log(istic)-normal prior, and 5) the 
minimally informative prior investigated in [1]. Results are presented for a set of base case 
parameter values, and three sensitivity cases in which the number of FOTP demands was reduced, 
along with the Birnbaum importance of the FOTP.
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1 INTRODUCTION

A salient feature of Bayesian inference is its ability to incorporate information from a variety 
of sources into the inference model, via the prior distribution (hereafter simply “the prior”). Done 
properly, Bayesian inference integrates old information and new information into an evidence-
based state-of-knowledge distribution. However, if the situation being evaluated is changing with 
time, then over-reliance on old information in formulating the prior can lead to a prior that 
excessively dominates new data.

Some analysts seek to avoid this by trying to work with a minimally informative (less direct 
but synonymous terms are diffuse, weak, or vague) prior distribution.  Another reason for 
choosing a minimally informative prior is to avoid the often-voiced criticism of subjectivity in 
the choice of prior.  Minimally informative priors fall into two broad classes:  1) so-called 
noninformative priors, which attempt to be completely objective, in that the posterior distribution 
is determined as completely as possible by the observed data. The most well known example in 
this class is the Jeffreys prior; 2) priors that are diffuse over the region where the likelihood 
function is non-negligible, but that incorporate some information about the parameters being 
estimated, such as a mean value.  Ref. [1] examined four approaches to developing a minimally 
informative prior, with respect to their practical implications for Bayesian inference in PSA.  The 
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first such prior, the so-called constrained noninformative prior (CNIP) [2], is a special case of the 
maximum entropy prior, which is discussed by [3] and others.  The CNIP is formulated as a 
conjugate distribution for the most commonly encountered aleatory models in PSA, and is 
correspondingly mathematically convenient; but it has a relatively light tail, and is 
correspondingly somewhat unresponsive to updates with sparse data, an issue discussed in [4] in 
the context of the Mitigating System Performance Index.  The next prior reviewed by [1] is a 
mixture of conjugate priors, as presented in [5] and [6]. The third prior is the logistic-normal 
distribution, which is a diffuse nonconjugate prior.  The last prior reviewed is the so-called robust 
prior.  Rather than relying on the mathematical abstraction of entropy, as does the CNIP, the 
robust prior places a heavy-tailed Cauchy prior on the canonical parameter of the binomial or 
Poisson aleatory model.

1.1 Insights from Earlier Review
In reviewing the four prior distributions listed above, [1] used as an illustrative example the 

failure to start of a motor-driven pump, assumed to have a mean failure probability of 0.001.  
There were assumed to be 50 demands on this pump, and that failures to start were described by 
a binomial distribution with parameters p and 50.

This example revealed clearly the relatively strong and persistent influence of the CNIP on 
the posterior mean, even as the number of failures grows quite large.  Even if the failure fraction 
reached 50% (25 failures), the posterior mean from updating the CNIP would only be 0.05, a 
factor of 10 less than the update of the Jeffreys prior.  The reason for this behavior is the 
relatively light tail of the CNIP, which places vanishingly small probability on very large values 
of p; the 99.9th percentile is only about 0.01.  In contrast, the logistic-normal prior has a 99.9th

percentile of about 0.03, and the 99.9th percentile with the robust logistic-Cauchy prior is 
effectively at 1.0, the same as the Jeffreys prior.

The example also revealed the “switching” behavior of the robust logistic-Cauchy prior 
clearly.  By “switching”, we mean transitioning (as a function of number of failures observed) 
from being dominated by prior expectations (that performance is “good”) to being dominated by 
current performance data that suggest a different condition (e.g., that performance is degraded).  
For 0 or 1 failure, the data are consistent with the prior, and the prior moderates the influence of 
the data on the posterior mean.  However, for 2 or more failures (in 50 demands), the behavior 
switches, and the posterior mean is driven by the observed data. For 3 or fewer failures in 50 
demands, the mixture prior and logistic-normal prior produce similar posterior means.  For more 
than 3 failures, the logistic-normal prior allows the data to dominate the posterior mean 
(“switching,” if you will, from the prior to the data, much like the logistic-Cauchy prior), while 
the mixture prior approaches the result one would obtain from updating the degraded-state prior, 
which in this case is a beta(1.5, 148.5) distribution.   With 10 failures in 50 demands, the 
posterior mean from updating this distribution would be 0.0575, the same value to 4 significant 
figures obtained with the mixture prior with this distribution representing the degraded state.  
Thus, there is a switching behavior in the case of the mixture prior, with the switch being data-
driven, but the transition is from the normal to the degraded state. These results are summarized 
in Figure 1.
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2 FALSE PROBABILITY SIMULATIONS

This paper extends the work in [1] by estimating false indication probabilities in the context 
of the MSPI, in order to investigate the pros and cons of different approaches to resolving two 
coupled issues: 1) sensitivity to the prior distribution used to encode a prior state of knowledge 
for calculating the Bayesian-corrected unreliability contribution to the MSPI, and 2) whether (in 
a particular plant configuration) to model the fuel oil transfer pump (FOTP) as a separate 
component, or integrally to its emergency diesel generator (EDG).  These issues are coupled 
because treating highly reliable subcomponents separately, using light-tailed prior distributions, 
can make the reliability of the overall component appear better than the observed data at the 
subcomponent level would suggest.  This is because the posterior means from updating the light-
tailed priors are overly influenced by the tail behavior of the prior distribution.

For this work, false indication probabilities were quantified for the following situations: 1) 
all components at baseline, so that the true indication is Green, and White or above would be 
false positive; 2) one or more components degraded to the extent that the true indication would 
be (mid) White, and “false” would be Green (negative) or Yellow (negative) or Red (negative). 
In key respects, this was the approach taken in [7].

Figure 1 Posterior means from updating various diffuse priors with binomial failure data (out of 50 
demands)
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2.1 Baseline Parameter Values
Simulations were performed for a single EDG “train,” as was done for [7]. Two paradigms 

were explored:  1) failures to start (FTS) of the EDG FOTP were counted as EDG failure to run 
(FTR), 2) failures on demand of the FOTP were counted as failures of a separate component.  
For both paradigms, only the unreliability index (URI) portion of the MSPI was examined; no 
changes in the unavailability index (UAI) were considered. Thus, the change in core damage 
frequency (CDF) was approximated as

�� �01 ppIURICDF B ��� �� (1)

In this equation, IB is the Birnbaum importance of the failure mode under consideration, with 
the summation being across the failure modes that contribute to URI, p0 is the baseline failure 
probability, and p1 is the Bayesian-corrected failure probability.  In the case of FTR, p1 is 
approximated by �1tm���������1 is the posterior mean failure rate and tm is the mission time, and 
p0 	
��0tm ���������0 is the baseline failure rate. All calculations were performed with the R 
package [8].

IB in the base case simulation was taken to be 5 	 10-5/yr for EDG FTS, EDG FTR, EDG 
failure to load (FTL), and FOTP FTS.  This is thought to be a representative value.  The baseline 
mean values of p �������������������������������������������������
-average baseline values.  
For EDG FTS, p0 is 0.005.  For EDG FTL, p0 �������������������������0 is 8 	 10-4/hr.  Finally, 
for the FOTP, p0 is 0.0019.

The mission time of the EDG in the base case was taken to be 8 hr.  There were assumed to 
be 2 demands on the FOTP for each hour of EDG operation.  Over the MSPI evaluation period, 
there were assumed to be 69 demands for the EDG to start and load, and 105 hr of EDG 
operating time.  There were assumed to be 210 demands on the FOTP over the evaluation period.  
All of these values are felt to be representative, but significant variability may exist in these 
values from plant to plant. The present calculations illustrate the behaviors of the decision rules 
for realistic conditions, but do not necessarily correspond closely to any particular plant.

2.2 Prior Distributions
For EDG FTS, The CNIP is approximated as a beta(0.492, 97.9) distribution.  For EDG 

FTL, the CNIP is approximated as a beta(0.495, 164) distribution.  For EDG FTR the CNIP is a 
gamma(0.5, 625 hr) distribution.  Finally, for the FOTP , the CNIP is approximated as a
beta(0.497, 261) distribution.

Four other prior distributions were considered.  The Jeffreys prior is a beta(0.5, 0.5) 
distribution for failures on demand, and is an improper gamma(0.5, 0) prior for FTR.  It is used 
to provide a reference point that is almost completely data-driven.  Two heavy-tailed 
nonconjugate priors were examined: a logistic-normal and robust logistic-Cauchy distribution 
for failures on demand, and a lognormal and robust log-Cauchy distribution for FTR.

The density function of the logistic-normal distribution is given by
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For the robust logistic-Cauchy distribution, the density function is
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In this equation,  �!���"#p/(1 – p)].

The lognormal density function is
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Finally, the log-$����
������
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��&��������� �!���"��

The fourth type of prior distribution examined was a mixture of conjugate priors, as 
described in [6].  The baseline parameter value was taken as the mean of the normal state, with 
the first parameter of the beta or gamma distribution taken to be 0.5.  The mean of the degraded 
state was taken to be a factor of 10 larger.  The shape parameter for the beta or gamma 
distribution representing the degraded state was taken to be 1.5, following [5]. The other 
parameter is then determined from the mean.  The mixing coefficients were taken to be 0.99 for 
the normal state and 0.01 for the degraded state.

A CNIP is completely specified by the mean value to which the distribution is “constrained.” 
For the distributions considered here other than the CNIP and the Jeffreys, it is necessary to 
choose additional parameters. In the case of the logistic-normal and lognormal priors, the mean 
and 95th percentiles of the CNIPs were used to determine the distribution parameters.  For the 
logistic-normal distribution, the mean cannot be written in closed form, so the resulting 
equations were solved numerically for ! and  .  In the case of the lognormal distribution, the 
resulting equations are algebraic and can be solved in closed form for ! and  .  For the robust
logistic-Cauchy and log-Cauchy distributions, the parameters of the CNIP were used directly.1

For the logistic-Cauchy distribution, the parameters ! and  are related to the parameters of the 
CNIP '(����&) by the following equations:

)(')('

)()(

&'(' 

&'('!

#�

��
(5)

1 While the CNIP appears to have only one parameter, the prior mean value, the resulting beta or 
"�))�������	���������%����������)�������������������������(����*�



Kelly, Youngblood, Vedros

Page 6 of 12

In this equation '()) is the digamma function and '’()) is the trigamma function, the first 
and second derivatives of the logarithm of the gamma function.  In the case of the log-Cauchy 
prior for FTR, the equations for ! and  are

)('

log)(

(' 

&('!

�

��
(6)

2.3 Description of the Simulations
Over an MSPI evaluation period, failures of an EDG or its associated FOTP are assumed to 

occur randomly, in accordance with the assumed aleatory model.  For failures on demand (FTS, 
FTL, or FOTP), the aleatory model is assumed to be a binomial distribution with parameters p
and neval , where p is the probability of failure on each demand, and neval is the number of 
demands during the evaluation period (69 for EDG FTS and FTL, and 210 for the FOTP).  For 
EDG FTR, the aleatory model for the number of failures during the evaluation period is assumed 
���	����+������������	���������������)������toper, w����������������������������������toper is the 
cumulative operating time over the evaluation period (105 hr).

100,000 “time histories” were simulated.  For each time history, a failure count was 
generated for each failure mode from its associated aleatory model (binomial or Poisson).  The 
prior distribution for p ��������������������������)������������������������%�������������
in the calculation of the URI, per Eq. 1.  For EDG FTS or FTL this is straightforward.  For the 
case in which the FOTP is “lumped” together with the EDG, the simulated FTR failures and 
�,�+�����������%��������%���������������������))�����"�%������""��"������������������������
for EDG FTR is updated with this aggregate failure count.  The contribution to the URI from 
FTR is t����-����'�1 – �0)tm.

For the case where the FOTP is treated as a separate component, the updated value of p for 
the FOTP is used to calculate the probability that the FOTP fails during an EDG mission time, 
which is given by 1 – (1 – p)n,  where n is the number of FOTP demands during the EDG 
mission (16 in the base case).  The contribution to URI from FOTP failures during the evaluation 
period in this case is given by

� � � �* +nn
B ppI 10 11 ��� (7)

The parameter values used to generate the failure counts were set as follows.  For those 
cases in which only one parameter was being varied, the baseline parameter value (p0 ����0) was 
multiplied by a factor so that the URI contribution from that failure mode alone would be 
sufficient to reach the desired threshold for �CDF.  For the case of failure on demand, this gives

BI
CDFpp �

#� 01 (8)

For FTR, the relation is
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A case was also run in which all parameters were increased by a factor, f, to bring �CDF to 
the threshold value.  The following equation is used to determine f for a specified �CDF:

)nptpp(I
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B 0000
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(10)

In this equation, we have approximated (1 – p)n by np, where n is the number of FOTP demands 
during the mission time of the EDG.

The mid-White performance state was set at �CDF = ,10 	 10-6/yr.  For each time history, a 
check is made of whether the calculated �CDF is above or below 10-6/yr.  If the parameters were 
at their baseline values, and �CDF > 10-6/yr, this is counted as a false positive.  Conversely, if 
one or all of the parameters are set to values corresponding to �CDF > 10-6/yr but that time 
history’s �CDF < 10-6/yr, this is counted as a false negative indication.  The false indication 
(positive or negative) probability is then estimated as the number of false positive or negative 
counts divided by the number of time histories (100,000).

As an example, consider a time history in which p for the FOTP has increased sufficiently 
that �CDF is at the mid-White threshold listed above, even though all other components are at 
baseline.  Thus, the value of p used to simulate FOTP failures is 0.066, with all other parameters 
at their baseline values.  For this time history, assume there was 1 failure of the EDG to start 
(FTS) and 2 failures of the FOTP; no other failures were observed.  Thus, there is a positive 
contribution to URI from FTS and FOTP (FTR) and a negative contribution from FTL.  Under 
the lumped paradigm, the 2 FOTP failures would be treated as 2 FTR failures in 105 hr of EDG 
operation.  With the Jeffreys prior, the posterior mean of pFTS will be 0.021, and the posterior 
)��������FTR will be 0.024/hr.  For FTL, the posterior mean will be 0.007; this is larger than the 
baseline value of 0.003 and reflects the contribution to the posterior mean of the shape parameter 
of 0.5 in the Jeffreys prior.  With 0 FTL failures, this increase above the baseline is artificial and 
so the contribution to URI from FTL will be taken to be 0.  

3 SIMULATION RESULTS AND DISCUSSION

The following tables present the simulation results for the nominal case in which all 
parameters are at their baseline values, along with five additional cases in which parameters are 
varied one at a time or all together.

Table I. Baseline parameters, lumped FOTP

Mixture Nonconjugate Robust CNIP Jeffreys
P(G|G) 0.91 0.88 0.60 0.95 0.55
P(W|G) 0.09 0.12 0.39 0.05 0.41
P(Y|G) 0 0.00008 0.002 0 0.04
P(R|G) 0 0 0 0 0
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Table II. Baseline parameters, separate FOTP

Mixture Nonconjugate Robust CNIP Jeffreys
P(G|G) 0.89 0.90 0.79 0.81 0.55
P(W|G) 0.11 0.10 0.21 0.19 0.42
P(Y|G) 0 0.00003 0.001 0 0.02
P(R|G) 0 0 0 0 0

Table III. Case 1:  EDG FTS to mid-White, lumped FOTP

Mixture Nonconjugate Robust CNIP Jeffreys
P(G|W) 0.22 0.18 0.08 0.22 0.02
P(W|W) 0.78 0.82 0.89 0.78 0.82
P(Y|W) 0.00015 0.001 0.03 0 0.15
P(R|W) 0 0 0 0 0

Table IV. Case 1:  EDG FTS to mid-White, separate FOTP

Mixture Nonconjugate Robust CNIP Jeffreys
P(G|W) 0.33 0.33 0.18 0.51 0.02
P(W|W) 0.67 0.67 0.80 0.49 0.86
P(Y|W) 0.0002 0.0006 0.01 0 0.12
P(R|W) 0 0 0 0 0

Table V. Case 2:  EDG FTL to mid-White, lumped FOTP

Mixture Nonconjugate Robust CNIP Jeffreys
P(G|W) 0.23 0.2 0.08 0.46 0.02
P(W|W) 0.77 0.79 0.89 0.54 0.83
P(Y|W) 0.00006 0.0008 0.03 0 0.15
P(R|W) 0 0 0 0 0

Table VI. Case 2:  EDG FTL to mid-White, separate FOTP

Mixture Nonconjugate Robust CNIP Jeffreys
P(G|W) 0.34 0.36 0.20 0.62 0.02
P(W|W) 0.66 0.64 0.79 0.38 0.86
P(Y|W) 0.0001 0.0006 0.01 0 0.12
P(R|W) 0 0 0 0 0

Table VII. Case 3:  EDG FTR to mid-White, lumped FOTP

Mixture Nonconjugate Robust CNIP Jeffreys
P(G|W) 0.62 0.585 0.26 0.75 0.24
P(W|W) 0.38 0.40 0.68 0.25 0.52
P(Y|W) 0.0005 0.01 0.06 0 0.24
P(R|W) 0 0 0 0 0



MSPI false probability simulations

Page 9 of 12

Table VIII. Case 3:  EDG FTR to mid-White, separate FOTP

Mixture Nonconjugate Robust CNIP Jeffreys
P(G|W) 0.71 0.62 0.47 0.71 0.24
P(W|W) 0.29 0.38 0.48 0.29 0.52
P(Y|W) 0.0004 0.004 0.04 0 0.24
P(R|W) 0 0 0 0 0

Table IX. Case 4:  EDG FOTP to mid-White, lumped FOTP

Mixture Nonconjugate Robust CNIP Jeffreys
P(G|W) 0.62 0.59 0.27 0.75 0.24
P(W|W) 0.38 0.4 0.68 0.25 0.52
P(Y|W) 0.0005 0.01 0.05 0 0.24
P(R|W) 0 0 0 0 0

Table X. Case 4:  EDG FOTP to mid-White, separate FOTP

Mixture Nonconjugate Robust CNIP Jeffreys
P(G|W) 0.59 0.61 0.47 0.48 0.24
P(W|W) 0.41 0.39 0.48 0.52 0.60
P(Y|W) 0.002 0.009 0.04 0.0003 0.16
P(R|W) 0 0 0 0 0

Table XI. Case 5:  All components to mid-White, lumped FOTP

Mixture Nonconjugate Robust CNIP Jeffreys
P(G|W) 0.62 0.53 0.26 0.67 0.19
P(W|W) 0.38 0.47 0.67 0.33 0.54
P(Y|W) 0.0006 0.007 0.06 0 0.27
P(R|W) 0 0 0 0 0

Table XII. Case 5:  All components to mid-White, separate FOTP

Mixture Nonconjugate Robust CNIP Jeffreys
P(G|W) 0.56 0.60 0.40 0.46 0.19
P(W|W) 0.43 0.39 0.56 0.54 0.62
P(Y|W) 0.0001 0.004 0.03 0.0002 0.18
P(R|W) 0 0 0 0 0

For the baseline case, the false-positive rates for the CNIP are lower than for the heavier-
tailed nonconjugate and robust alternatives when the FOTP is lumped with EDG FTR.  When the 
FOTP is treated separately in the baseline case, the false-positive rates for all the priors are 
comparable, except for the Jeffreys prior, which has a much higher false-positive rate because 
the posterior mean from updating the Jeffreys prior is driven almost completely by the observed 
data.
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The false-negative rates of the CNIP are quite high in several of the sensitivity cases, as 
expected.  The robust prior’s false-negative rates are uniformly lower than those of the other 
distributions. The diffuse nonconjugate log(istic)-normal prior generally outperforms the CNIP 
with respect to false-negative rate.

With regard to treatment of the FOTP, the lumped approach with the CNIP appears to give 
more desirable results for the baseline and Cases 1 and 2.  However, Cases 3 and 4 show separate 
treatment of the FOTP to be more desirable. Intuitively, one might have expected the benefit of 
the lumped approach to have been manifest in Case 4, which represents degraded FOTP 
reliability, because capturing the impact of FOTP failures on CDF is the primary reason for
treating the FOTP separately from its associated EDG.

This result can be understood by examining the parameter values in detail.  With 210 FOTP 
demands, and pFOTP at an elevated value of 0.006 in Case 4, we see as many as 8 FOTP failures
in the 100,000 time histories.  Under the lumped paradigm, these failures would be used to 
�������FTR.  The EDG exposure time that goes into the update is 105 hr, so the posterior mean 
����FTR becomes 0.012/hr.  With an 8-hr EDG mission time, URIFTR is 4.3E-6/yr.  Under the 
separate paradigm, we update pFOTP with 8 failures in 210 demands, giving a posterior mean of 
0.018.  With 2 FOTP demands per hour of EDG run time (i.e., 16 FOTP demands over the EDG 
mission time), URIFOTP under the separate paradigm is 1.1E-5/yr.  Thus, the probability of a false 
negative indication with the CNIP is lower for Case 4 under the separate paradigm.  One can 
think of an incremental URI per failure of the FOTP.  In the lumped paradigm, this increment is 
5.4E-7/yr, and in the separate paradigm it’s 1E-6/yr.  So a failure of the FOTP in the separate
paradigm gives a larger increment of URI, and thus makes the probability of false indication with 
the CNIP lower.  This result is highly dependent on the parameter values used in the simulation; 
if one were to change the number of FOTP demands, the EDG mission time, or the number of 
FOTP demands over the mission time, the results would be different.

4 CONCLUSIONS 

Because “recent” performance data are sparse by definition, any estimate of a change in 
reliability performance will be strongly influenced by the prior.  Priors having different tail 
properties can result in very different performance of a decision rule that is based on change in 
reliability, even if the priors’ mean values are the same.  Moreover, even for a given functional 
form of the prior, changing the level at which data are aggregated can yield an effectively 
different decision rule.  This paper has extended the exploration of these issues begun in [1] by 
examining how alternative diffuse prior distributions perform with respect to false indication 
probabilities in the context of the MSPI Program of the U.S. NRC. It has also examined two 
paradigms for treatment of the EDG FOTP:  1) treating failures of the FOTP as FTR failures of 
the associated EDG, and 2) treating failures of the FOTP separately from the associated EDG.
The point is not to promote development of a prior other than a true state-of-knowledge prior, but 
rather to illustrate the practical consequences of choosing different functional forms for prior 
distributions.
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No single prior examined here was “best” in the sense of minimizing both false negative and 
false positive error probabilities.  The robust log(istic)-Cauchy prior has the overall lowest false-
negative rate of the four priors considered.  This is to be expected, given its extremely heavy tails
relative to the other priors considered.  The diffuse nonconjugate log(istic)-normal prior 
generally had a lower false negative rate than the CNIP, which was the prior distribution with the 
highest false-negative rate, as high as 0.75 in the sensitivity cases that were simulated.
Balancing its relatively high false-negative probability, the CNIP had the lowest false-positive 
rate when all parameters were at their baseline values and failures of the FOTP were lumped 
together with FTR failures of the associated EDG.  By contrast, the false-positive rate of the 
robust log(istic)-Cauchy prior in this case was 0.39, close to the rate of 0.41 exhibited by the 
Jeffreys prior, which gives highest weight to the observed data.  With the FOTP treated 
separately from its associated EDG, the false-positive rate of the robust prior decreased to a 
value close to that of the CNIP (0.21 for the robust prior vs. 0.19 for the CNIP).

We have not focused on the performance of the mixture prior in this paper because we feel 
that more work is needed on specifying the five parameters of this prior; the approach to 
selecting parameter values in [5], while reasonable as an illustration, is not adequate to fully 
characterize the performance of this class of priors.

Finally, we note that the false indication probabilities can be quite sensitive to the assumed 
situation being analyzed, such as number of FOTP demands and Birnbaum importance.  These 
sensitivities limit the generality of the conclusions that can be drawn. However, the present 
results suggest that the log(istic)-Cauchy and log(istic)-normal priors should be considered for 
this type of performance indicator application.  Further, the mixture prior has demonstrated 
potential for further consideration.
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