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SAMPLE SIZE BOUNDING AND CONTEXT RANKING AS APPROACHES TO THE 
HUMAN ERROR QUANTIFICATION PROBLEM* 

B. Reer 

The paper describes a technique denoted as Sub-Sample-Size Bounding (SSSB), which is useable for the 
statistical derivation of context-specific probabilities from data available in existing reports on operating 
experience. Applications to human reliability analysis (HRA) are emphasised in the presentation of this 
technique. Exemplified by a sample of 180 abnormal event sequences, the manner in which SSSB can 
provide viable input for the quantification of errors of commission (EOCs) are outlined. 

                                                 
*  This paper is a slightly modified version of B. Reer, “Sample Size Bounding and Context Ranking as Approaches to the 

HRA Data Problem”, Reliability Engineering and System Safety, 83, 265-274 (2004). 

 

1 INTRODUCTION 

1.1 Context, Human Reliability Analysis and 
Second Generation Methods 

Human reliability analysis (HRA) is an integral part of 
the probabilistic safety assessment (PSA) of complex 
systems, such as nuclear power plants (NPPs). The 
objective of HRA is to identify, and quantify, how 
errors committed by plant operators contribute to 
accidents. In this field of study, the assessment of 
human error probabilities (HEPs) is known to be a 
critical issue [1]. Human actions are usually performed 
within a specific context; i.e. the conditions that are 
situational or environmental. On the other hand, the 
impact of this context is not always obvious, and only 
part of it has an impact on human reliability [2]. 

Progress in context-specific HRA has been made in 
developing so-called second-generation HRA 
methods [3-9]. While these methods are fairly 
advanced in the more qualitative part of HRA, they are 
still rather weak in regard to quantification. The 
assessment of HEPs is primarily based on expert 
judgment: data that are of a more averaged rather 
than context-specific nature, or data with insufficient 
context information, especially with respect to factors 
that drive human decision-making. To demonstrate 
this, it is necessary to go into the details of the 
quantification methods is necessary, since the method 
developers are fully aware of the weaknesses. For 
instance, the quantification approach in the method 
ATHEANA (A Technique for Human Event Analysis) is 
officially classified as being still under development  
[5]. Consequently, there is a need to provide more 
solid guidance on quantification. But what data 
sources, besides expert judgment, are adequate for 
the derivation of context-specific HEPs? 

1.2 Data-Based Quantification: Can We Avoid 
Mixing Apples and Pears? 

Two relevant types of data sources are addressed in 
an older, but notable, study. Beare et al. [10] have 
evaluated crew responses to abnormal events in both 
NPP operating experience (denoted as field data) and 
NPP simulator experiments. The authors highlight a 
number of psychological factors that are markedly 

altered in simulators: e.g. surprise, stress or 
reluctance. 

The study points to both the advantages and 
disadvantages of operating experience as a data 
source. Compared to data sources such as laboratory 
or simulator experiments, operating experience has 
the obvious advantage of being close to practice. On 
the other hand, a sample of occurrences in operating 
experience is considerably less homogeneous than 
those constructed artificially: the data are just as they 
are! Of course, contexts of error opportunities are 
difficult to control when dealing with operating 
experience. Moreover, such contexts are often 
unknown for occurrences of error opportunities 
without human errors: there is little interest in context 
investigation in cases of successful performance! 
Therefore, an HEP estimate, derivable as the number 
m of errors divided by the number n of error 
opportunities, for the most part represents a variety of 
contexts lumped together: meaning that apples have 
been mixed with pears. Of course, different levels for 
which data may be “lumped” together are possible; c.f. 
the discussion of data level coherency in [11]. 

In the CAHR (Connectionism Assessment of Human 
Reliability) method, the so-called Rasch model is used 
to address the problem of incomplete context 
information [12,13]. The method comprises a 
database of human-related events, collected from 
German NPP operating experience. For a task or 
error to be quantified, the database can be addressed 
by a query, in order to find matching error/success 
events. Within the scheme, the fact that errors as well 
as successes are incompletely covered by the 
reporting system is taken into account. In order to 
calculate the HEP for a given set of numbers of errors 
and successes, values from [14] are used for 
calibration. 

In other methods, distributions of the uncertainty in 
counts of failures or demands are estimated, and 
failure probabilities are then calculated using a 
Bayesian treatment: e.g. [15,16]. As shown in a case 
study for hardware failure data [15], pieces of 
additional information can set bounds on the numbers 
of demands, and thereby reduce the uncertainties in 
the final results. 
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The Sub-Sample Size Bounding (SSSB) technique, 
presented in Section 2, provides a tool for data 
evaluation that is similar to both CAHR and the 
Bayesian treatment of incomplete data. The 
fundamental principle of SSSB is the use of HRA-
related information on context ranking; this information 
is then applied to set bounds on the numbers of error 
opportunities. It is illustrated in the following, how this 
method can be used to derive context-specific 
probabilities of errors of commission (EOCs). 

2 THE SUB-SAMPLE-SIZE BOUNDING (SSSB) 
TECHNIQUE 

The technique is described in the context of an 
illustrative application to a sample of EOCs. 

2.1 Scope and Objective 

The SSSB technique represents a means to derive 
context-specific probabilities of an event of interest 
(e.g. a human error) from an inhomogeneous sample 
with incomplete context information, in the manner 
outlined in Table 1. 

Table 1: Types of incomplete data addressable by 
the current version of the SSSB technique. 

Context Number of errors Number of error opportunities 
Type 0 known unknown 
Type 1 known unknown 

….. known unknown 
Overall known known 

In Table 1, the number (mi) of errors, and the number 
(Ni) of error opportunities, for each context type (i) 
represent a sub-sample. While an average probability 
(m/n), derived as the overall number (m) of errors 
divided by the overall number (n) of error 
opportunities, can be estimated directly, an unknown 
sub-sample size (Ni) prevents the direct estimation of 
a probability (Pi) of an error under a specific context to 
be made. The Pi derivation procedure proposed in this 
paper covers both point estimates and uncertainty 
intervals. 

2.2 Sample Used for Illustration 

A sample of errors of commission (EOCs), i.e. 
inappropriate actions leading to unsafe system states 
in abnormal event sequences, from U.S. nuclear 
operating experience during 1982 and 1983 has been 
compiled; see Section 2.2.1 for details. The objective 
of this compilation was to illustrate how Sub Sample 
Size Bounding works (though in this exercise, the 
results obtained are not intended to be used in a 
realistic EOC probability estimate). Therefore, a rather 
limited effort has been expended for sample 
compilation. Problems associated with the compilation 
process are discussed in Sections 2.2.2 and 2.2.3. 

2.2.1 Sample Compilation and EOC Identification 

Table 2 presents an overview of the sample on EOC 
occurrences. The availability of information and 
resource limitations dictated the selection of the 

period (1982-1983), as well as the subjects (U.S. 
commercial NPPs). 

Licensee event reports (LERs) were used in this work 
for defining a set of EOC opportunities. Reported 
events which resulted in reactor shutdown, obtained 
from [17-21], are interpreted as EOC opportunities in 
abnormal event sequences. Some reports refer to 
multiple shutdowns, and have been treated here as 
separate “events” (e.g. Table 2, Entry 135). Overall, 
the resulting sample comprises 180 events. 

Two sources were evaluated for identifying those 
LERs relating to forced-shutdown events involving 
EOCs: (a) reports on selected safety-related events 
[22-24], and (b) precursor reports [25]. Three EOCs 
were identified in this sample: EOC1 — isolation of 
steam relief control of the faulted steam generator 
(SG) in a steam generator tube rupture (SGTR) event 
with reactor coolant system (RCS) re-pressurization 
(Ginna, 25 January 1982); EOC2 — shutdown of 
auxiliary feedwater (AFW) pumps in a loss of main 
feedwater (MFW) event (Trojan, 22 January 1983); 
EOC3 — bypass of the rod sequence control system 
(RSCS) in a loss of condenser vacuum event (Hatch 
2, 14 July 1983). 

Table 2: Excerpts of a set of licensee event reports 
(LERs) used to define a sample on errors of 
commission (EOCs). 

No. Plant Date  LER title EOC 
identified? 

1 North 
Anna 2 

82.01.01 Reactor shutdown 
due to high RCS 
leakage 

No 

9 Ginna 82.01.25 Reactor shutdown 
due to SGTR 

Yes, EOC1: 
isolation of 
steam relief 

control 
99 Trojan 83.01.22 SGs reach lo-lo 

level after AFW 
pumps fail to 
restart 

Yes, EOC2: 
shutdown 
of AFW 
pumps 

125 Hatch 
2 

83.07.14 Rods inserted out 
of sequence 

Yes, EOC3: 
bypass of 

RSCS 
135 Calvert 

Cliffs 2 
83.08.09 Reactor scrammed 

twice following 
rapid closure of 
turbine governor 
valves  

No 

136 (2nd count of No.135) 
180 Browns 

Ferry 1 
83.12.31 RCS has high 

chloride 
concentration 

No 

2.2.2 The Problem of Defining EOC Opportunities 

The definition of opportunity is the basis for any 
meaningful probabilistic application, and therefore 
deserves careful attention in any assessment of a 
human error probability (HEP). There may be a 
mismatch between the number of error opportunities 
of the task addressed in human reliability analysis 
(HRA), and the number of error opportunities of the 
associated task addressed in the derivation of the 
HEP value. 
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A critical issue of the sample of 180 abnormal event 
sequences is that an entire abnormal event sequence 
is defined as one opportunity for an error of 
commission (EOC). It is obvious that such a sequence 
may involve more than one EOC opportunity, but it is 
difficult to estimate the number of opportunities in a 
meaningful way (i.e. without undue spec ulation). An 
obvious criterion for discounting the sample applies: 
i.e. that the data source outlined in Section 2.2.1 does 
not provide information on the number of EOC 
opportunities per event which resulted in reactor 
shutdown; thus, an EOC probability obtained must 
have the sequence as a basis. 

To overcome the problem implied by this criterion, the 
definition of EOC opportunity in the sample should be 
consistent with its use in HRA. For instance, 
modification of an EOC probability derived from the 
sample would be required if integrating more than one 
EOC in a common event sequence. In Section 2.4.2, 
the sensitivity of the results to the doubling of the 
number of EOC opportunities will be discussed. 

2.2.3 Are all EOCs Covered? 

An error of commission (EOC) leads, by definition, to 
an aggravating change in the scenario evolution and 
appears therefore as an apparent or notable event in 
the operating experience log. Consequently, it is 
assumed here as unlikely that any EOC remains 
uncovered by the event reporting system. However, 
there may be a need to investigate the issue of less 
apparent EOCs. Furthermore, the rapid process of the 
sample compilation may imply some chance of 
overlooking EOCs. (Not all licensee event reports on 
forced-shutdown events have been reviewed, but only 
those covered by the sources [22-25] described in 
Section 2.2.1.) 

2.3 Defining Context Types and Assigning them 
to EOC Occurrences 

Without further specification, the usability of the 
sample in Table 2 is rather limited. On average, one 
error of commission occurred in 60 abnormal event 
sequences. It is clear that this average rate is not 
context-specific. Thus, it cannot be assumed that the 
rate represents a homogeneous set belonging to one 
error probability estimation. 

2.3.1 Requirements for Defining a Set of Context 
Types 

The idea of the Sub-Sample-Size Bounding (SSSB) 
technique is that more qualitative findings on context 
and human reliability should be used for defining sub 
samples specific to context types. Such context types 
should:  

(1) represent a ranking according to the impact on 
the human error probability (i.e. for each 
possible pair of context types it can be said 
which error is more likely); 

(2) be defined on a more generic level (i.e. 
independent of specific equipment failures or 
specific initiating events); and 

(3) be applicable to both retrospective and 
predictive analysis of human errors. 

2.3.2 Two Context Types as a Starting Point 

A comprehensive and widely accepted taxonomy of 
context types meeting the requirements set out in 
Section 2.3.1 is still far from being available. 
Therefore, two very basic context types are defined 
here in order to start the process of “separating apples 
from pears”. 

• Type 0: residual error context (REC), where the 
human error, de facto, occurs randomly (due to 
causes difficult to predict in advance).  

• Type 1: error-forcing context (EFC), in which a 
specific set of performance conditions leads 
strongly to a significant increase in the human 
error probability. 

This distinction between residual and error-forcing 
matches, approximately, similar distinctions in second 
generation HRA, namely nominal vs. error-forcing in 
the context of ATHEANA [5], and failure scenarios 
based on CICAs (caractéristiques importantes de la 
conduite accidentelle) vs. residual-failure scenario in 
MERMOS (Méthode d’Evaluation de la Réalisation 
des Missions Opérateur pour la Sûreté) [7]. 

2.3.3 Assigning Context Types to EOCs 

Classifications were made with respect to both the 
EOCs in the sample (Table 2), and for the context 
type definitions in Section 2.3.2. The classification 
results are summarised in Table 3, and discussed 
below. 

Table 3: Data on errors of commission (EOCs) for 
two context types. 

Context Number of 
EOCs 

Number of EOC 
opportunities 

Type 0  
(residual error context) 

1 unknown 

Type 1  
(error-forcing context) 

2 unknown 

Overall 3 180 

EOC1 (Table 2) is classified here as error-forcing; c.f. 
[26]. In the Ginna event (steam generator tube rupture 
with RCS re-pressurization), the  operators’ decision 
to isolate steam relief control of the defect steam 
generator (SG) can be attributed to a misleading 
written instruction: the relevant procedure required the 
relief control valve to be placed in the manually closed 
position. As well as procedural compliance, however, 
information related to the risk and benefit of a 
particular action was supporting the prevention of the 
EOC: the isolation of steam relief control is classified 
in [26] as “unwise”, since this action is associated with 
a notable risk of a loss of coolant accident through a 
leaking SG safety valve. Opening and re-closing of 
SG safety valves would be challenged as a 
consequence of the action, and,  in contrast to the 
relief control valves, the safety valves are not qualified 
for water discharge. 
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EOC2 (Table 2) is classified as residual. In the Trojan 
event (loss of main feedwater at 4% power, mode 2), 
the operators decided to stop the auxiliary feedwater 
pumps, because they were, erroneously, assuming 
that main feedwater was still operating (Section B.36 
in [25]). This assumption seems to have been a 
random error: no unambiguous reason could be 
identified from the event information, and there is no 
conclusive evidence that another operator crew would 
have made the same assumption in the given 
situation. 

EOC3 (Table 2) is also classified here as error-
forcing. In the Hatch event (loss of condenser 
vacuum), the operators obviously perceived the 
bypass of the rod sequence control system (RSCS) as 
helpful, and the risk associated with it as low. They 
decided to pursue this action because they intended 
to lower reactor power quickly, so that the mechanical 
vacuum pump could be placed in service before the 
decreasing vacuum reached the reactor feed pump 
low-vacuum trip point (Section B.43 in [25]). The risk 
of bypassing RSCS is a reduced mitigation capability 
of a potential control-rod-drop accident. In the event, 
such a risk was low. For HRA in PSA, the Hatch event 
is of minor interest from the risk perspective, but of 
major interest from the perspective of operator 
behaviour, since the event represents a situation in 
which information features related to the risk and 
benefit of an action are forcing the EOC, while the 
plant operating rules (e.g. as given in the written 
procedures) are forcing the opposite situation, i.e. the 
prevention of the EOC. Such an event could become 
risk-relevant if, for instance, the risk/benefit 
information is misleading, as was the case in the La 
Salle event (inhibition of reactor water cleanup system 
isolation) in 1992 [27]. 

2.4 Derivation of EOC Probabilities for Two 
Context Types 

2.4.1 Application to the Reference Input Data 

The application of the Sub-Sample-Size Bounding 
(SSSB) technique outlined in this section refers to the 
data relating to the errors of commission (EOCs) 
presented in Table 3. Applications to alternative data, 
and the application of an alternative technique are 
presented in Section 2.4.2. 

The idea of the SSSB technique is to place bounds on 
the unknown number (Ni) of context-specific EOC 
opportunities on the basis of a ranking of the context 
types with respect their impacts on the human error 
probability. 

According to the requirements for context-type 
definition (Section 2.3.1), the EOC probability under 
Context 1 (P1) is greater than the EOC probability 
under Context 0 (P0): 

P1 > P0 <=> m1/N1 > m0/N0  (1) 

where: 

N0 number of EOC opportunities of Type 0 
(residual error context) 

N1 number of EOC opportunities of Type 1 (error-
forcing context) 

m0 number of EOCs of Type 0  

m1 number of EOCs of Type 1  

Side note: Eqn. (1) must be modified in the case of a 
context having zero errors. Various options for the 
estimation of Pi for the case of mi=0 are discussed in 
[28]. In order to keep the evaluation simple, the 
following estimator is recommended here as a 
suitable compromise of these options: 

Pi = 0.5/Ni   (2) 

In the following, details are presented for the mi>0 
case; the mathematical procedure would operate 
accordingly for the case mi=0.  

The total sample size (n) is, of course, the sum of the 
sub-sample sizes: 

n = N0 + N1   (3) 

From  Formulae (1,3), the ranges of the context-
specific numbers of EOC opportunities can be 
bounded as follows: 

m1/(n - N0) > m0/N0 

=> N0 > n m0 /(m1 + m0) = n m0/m = n0,min  (4) 

= 180 x 1/(2 + 1) = 60 

n1,min = m1 = 2 (because P1 cannot exceed unity) (5) 

n0,max = n - m1 = 180 - 2 = 178 (6) 

n1,max = n - n0,min = 180 - 60 = 120 (7) 

Each context-specific number (Ni) of EOC 
opportunities is treated as a random variable, 
uniformly distributed between the bounds, ni,min and 
ni,max, calculated in Formulae (4-7). The context-
specific EOC probability, as a function of Ni, is defined 
as follows: 

Pi = mi/Ni   (8) 

Since Ni is a random variable, Pi is a random variable 
as well. As shown in [29], the mean (µPi) and the 
variance (σ2

Pi,N) of Pi are given by: 

µPi = [mi/(ni,max - ni,min)] ln(ni,max/ni,min)  (9) 

σ2
Pi,N = mi

2/(ni,max ni,min) - (µPi)
2  (10) 

The variance in Eqn. (10) is associated with the 
uncertainty caused by the variation of Ni between ni,min 
and ni,max. Another uncertainty is associated with the 
classical statistical variance σ2

Pi,m caused by the 
limited number (mi) of EOCs. It is common practice to 
assume a Beta distribution for the calculation of this 
type of variance; that is 

σ2
Pi,m = (µPi)

2 (1 - µPi)/mi   (11) 

As an approximation, the overall variance σ2
Pi of each 

context-specific EOC probability can be estimated as: 

σ2
Pi = σ2

Pi,N + σ2
Pi,m   (12) 
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Table 4: Distribution parameters of the context-specific EOC probability (basis: data in Table 3). 

Table 5: Log-normal distribution parameters, mean and error factor (EF), of the context-specific error of 
commission (EOC) probability for different input data and evaluation techniques. 

Residual error context (REC) Error-forcing context (EFC) Input data (*) Evaluation technique 
Mean EF Mean EF 

(ref.) {m0=1; m1=2; n=180} Sub Sample Size Bounding 9.2E-3 4.1 6.9E-2 6.9 
  Gibbs sampling 9.2E-3 4.4 6.6E-2 7 

(a) {m0=1; m1=2; n=360} Sub Sample Size Bounding 4.6E-3 4.1 4.0E-2 8.7 
  Gibbs sampling 4.4E-3 4.3 3.7E-2 8 

(b) {m0=2; m1=4; n=360} Sub Sample Size Bounding 9.2E-3 3.1 6.9E-2 6.6 
  Gibbs sampling 9.7E-3 3.1 4.3E-2 4.3 

(c) {m0=0; m1=3; n=180} Sub Sample Size Bounding 6.4E-3 6.1 7.8E-2 6.5 
  Gibbs sampling 6.2E-3 6.2 6.6E-2 5.5 
*m0: number of EOCs under a REC; m1: number of EOCs under an EFC; n: overall number of EOC opportunities (total sample size). 

 

Knowing the mean and the variance of each context-
specific EOC probability, the percentiles can be 
calculated on the basis of a suitable type of 
distribution. Table 4 presents results for two 
commonly used distribution types, Log-normal and 
Beta, in comparison with the results of a Monte Carlo 
simulation. It can be seen that the 50th and 95th 
percentiles of the Log-normal and Beta distributions 
provide adequate fitting of the Monte Carlo simulation 
results. For the 5th percentile however, only the Beta 
distribution provides an adequate fit for both contexts. 
The Log-normal distribution seems to overestimate 
the 5th percentile for the residual error context. Since 
such an overestimation is conservative, the Log-
normal distribution is assessed here as acceptable for 
HRA purposes. 

2.4.2 A Discussion of Input Data Changes and an 
Alternative Evaluation Technique 

Three changes in the input data {m0=1; m1=2; n=180} 
in Table 3 are elaborated below: 
(a) {m0=1; m1=2; n=360}: i.e. doubling the sample 

size (n). This change represents either a 
sample with a reduced EOC rate per LER, or 
the uncertainty associated with the assumption 
of one EOC opportunity per LER; c.f. Section 
2.2.2. 

(b) {m0=2; m1=4; n=360}: i.e. doubling both the 
sample size and the numbers of EOCs (m0, 
m1). This change represents the availability of 
more data. 

(c) {m0=0; m1=3; n=180}: i.e. classifying the context 
of EOC2 as error-forcing. This change 
represents the uncertainty in assigning context 
types (residual-error vs. error-forcing) to EOCs; 
c.f. Sections 2.3.3 and 2.5.1. 

Furthermore, Bayesian inference was alternatively 
applied for data evaluation. In this application, the so-
called Gibbs sampling technique (c.f. [30]) was used, 
with the ranking relation in Formula (1) as a boundary 
condition.  

Table 5 presents the results for the changed input 
data (a) to (c) in comparison with the reference input 
data, and the comparison of Sub-Sample-Size 
Bounding (SSSB) vs. Gibbs sampling; EOC 
probability point estimates are presented as mean 
values. The error factor (EF) of a Lognormal 
distribution is used as a condensed measure of the 
associated uncertainty. Overall, the results do not 
exhibit drastic changes or discrepancies. Some 
notable effects and findings are, however, discussed 
below.  

Doubling the sample size has a slightly stronger 
impact on the mean EOC probability under a residual 
error context (REC) than under an error-forcing 
context (EFC). Furthermore, there is a noticeable 
increase in the uncertainty for the EFC case. This 
uncertainty is driven by the upper limit of the range 
(2<N1<240) of possible EOC opportunities with an 
EFC. In turn, the high upper limit of 240 is driven by 
Formulae (4,7): high uncertainties are expected if the 
number of EOCs under a REC is small compared to 
both the total number of EOCs and the total sample 
size. 

As expected, point values remain stable, and 
uncertainties decrease with increasing numbers of 
EOCs, and EOC opportunities, proportionally. 

As expected, the uncertainty in the REC increases if 
EOC2 events are classified as error-forcing (instead of 
residual), since re-classification leads to zero EOCs 
under an REC, and a sample with zero error 

Distribution Context Mean 5th percentile 50th percentile 95th percentile EF 

Type 0 (residual error context) 9.2E-3 1.5E-3 6.4E-3 2.6E-2 4.1 Lognormal  

Type 1 (error-forcing context) 6.9E-2 5.1E-3 3.5E-2 2.4E-1 6.9 

Type 0 (residual error context) 9.2E-3 3.7E-4 6.2E-3 2.8E-2 N/A Beta  

Type 1 (error-forcing context) 6.9E-2 4.6E-3 2.1E-2 3.0E-1 N/A 

Type 0 (residual error context) 8.7E-3 4.0E-4 5.5E-3 3.0E-2 N/A Monte Carlo 
simulation  Type 1 (error-forcing context) 7.9E-2 5.5E-3 3.0E-2 2.5E-1 N/A 
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observations is usually associated with an increased 
uncertainty. 

Sub-Sample-Size Bounding (SSSB), according to 
Formulae (1-12), yields approximately the same 
results as Gibbs sampling. The differences are 
negligible in view of the accuracy standards in HRA. 
Thus, the SSSB technique appears to be a robust 
alternative to the more sophisticated Monte Carlo 
simulation required for Gibbs sampling. 

2.5 Derivation of EOC Probabilities for more 
than Two Context Types 

2.5.1 Refinement Requirements 

Various patterns of performance conditions are 
possible, and they may represent various levels of 
impact on the human error probability. Therefore, it is 
desirable that a realistic HRA considers more than two 
context types. Each of the two context types defined 
in Section 2.3.2, i.e. the residual-error context (REC) 
and the error-forcing context (EFC), still represents a 
wide spectrum of sub-contexts. Type REC may 
comprise contexts that include elements of an EFC. 
According to the discussion of the Ginna and Hatch 
events for instance (Section 2.3.3, EOC1, EOC3), 
Type EFC may comprise contexts that are less error-
forcing, and other contexts that are more error-forcing. 
In summary, there is a need to be more specific in 
defining contexts for HRA applications. 

2.5.2 Iterative Bounding for Three Context Types 

The Sub-Sample-Size Bounding technique works for 
any set of context types meeting the requirements 
presented in Section 2.3.1. Table 6 summarises the 
application to three context types, generated on the 
basis of the data {m0=1; m1=2; n=180} for two context 
types (Table 3). For determining the respective 
numbers of EOCs {m1.1=1; m1.2=1}, it has been 
assumed that the context (Type 1.1) of EOC1 was 
less error-forcing than the context (Type 1.2) of 
EOC3. 

The result for Type 0 (residual error context) is 
identical to the result obtained for the sample of two 
contexts. For obtaining the results for Types 1.1 and 
1.2, a similar process as outlined in Section 2.4.1 was 
used. The triangle in Fig. 1 covers the range of the 
number N1.1 of EOC opportunities with Type 1.1 as a 
function of the number N1 of EOC opportunities with 
Type 1 (EFC).  

Three linear functions (n1.1,max,left; n1.1,max,right ; n1.1,min) of 
N1 are used to generate this triangle. The upper left 
line represents the trivial case that N1.1 cannot be 
greater than the total number N1 of EOC opportunities 
with EFC minus the number m1.2 of EOCs under Type 
1.2 (EFC, more error-forcing than Type 1.1), since 
m1.2 is the minimum number of EOC opportunities with 
Type 1.2 (because P1.2 cannot exceed 1), and N1.1 
and N1.2 sum up to N1. That is, 

N1.1 < N1 - m1.2 = n1.1,max,left = N1 - 1  (13) 

Table 6: Data on errors of commission (EOCs) for 
three context types, and evaluation result of 
iterative Sub-Sample-Size Bounding. 

Data Result 

Context Number 
of EOCs 

Number of 
EOC 
opportunities 

EOC 
probability 
(mean value) 

Type 0  
(residual error 
context) 

1 unknown 9.2E-3 

Type 1.1  
(error-forcing context, 
less error-forcing than 
Type 1.2) 

1 unknown 5.5E-2 

Type 1.2  
(error-forcing context, 
more error-forcing 
than Type 1.1) 

1 unknown 1.5E-1 

Overall 3 180 1.7E-2 

The upper right line of the triangle in Fig. 1 represents 
the ranking condition that the EOC probability under 
Type 1.1 is greater than the EOC probability under 
Type 0 (REC): 

P1.1 > P0 <=> m1.1/N1.1 > m0/(n - N1)  (14) 

=> N1.1 < (n - N1) m1.1/m0 = n1.1,max,right  = 180 - N1 

The lower line represents the relation that the EOC 
probability under Type 1.1 is smaller than the EOC 
probability under Type 1.2: 

P1.1 < P1.2 <=> m1.1/N1.1 < m1.2/(N1 - N1.1)  (15) 

=> N1.1 > m1.1 N1/(m1.1 + m1.2) = n1.1,min = N1/2 

60

89.5

1

119

2 120

N1

N
1.

1

 

Fig. 1:  Triangle that bounds the number (N1.1) of 
EOC opportunities of Type 1.1, as a function 
of the number (N1.1) of EOC opportunities of 
Type 1.1 (basis: data in Table 6). 

For each value of N1.1 inside the triangle in Fig. 1, the 
value of N1.2 is simply the difference with respect to 
N1. EOC probabilities specific to Types 1.1 and 1.2 
were then calculated using Monte Carlo simulation, 
based on the range of possible (N1.1; N1) pairs inside 
the triangle. 
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2.5.3 Extended EOC Context Modelling and 
Logistic Scaling 

In this section, an extended model of an error of 
commission (EOC) context, and its use for the 
derivation of an EOC likelihood ranking scale on the 
basis of a logistic function, is presented. 

Extrapolations and interpolations of the bounding 
results for two context types, Formulae (4-7), can be 
used also for refined estimations of the EOC 
probabilities. This requires, as a pre-requisite, a 
qualitative model of the EOC context that is more 
specific than the REC vs. EFC dichotomy (Section 
2.3.2) used for data specification in Table 3. For 
illustrative purposes, a simple version of such an 
extended EOC context model is presented in Table 7.  

The EOC context is modelled by two high-level 
dimensions of the characteristics of an inappropriate 
action. 

1. Procedural (or plant rule) compliance. For 
simplification, two categories are presented in 
Table 7. In the situation of interest, the action could 
be indicated as (i) prescribed, or (ii) prohibited by 
the procedure. 

2. Benefit/risk information. This dimension accounts 
for the operator’s situation assessment outside the 
domain of procedural guidance. Again, for 
simplification, only two categories are presented. 
The situational information features could indicate 
the action as (i) beneficial, or (ii) risky. 

Table 7: Context classification and sample (Table 2) 
assignments based on a high-level model of 
characteristics of an inappropriate action. 

  Benefit/risk information 
  Action is 

indicated as 
beneficial 

Action is 
indicated as 

risky 
Action is 
indicated 

prescribed 

RSC: not 
observed 

EFC: Ginna 
(EOC1) 

Procedural 
compliance 

Action is 
indicated 

prohibited 

EFC: Hatch 
(EOC3) 

REC: Trojan 
(EOC2) 

RSC – residual-success context; EFC - error-forcing context;  
REC – residual-error context. 

As discussed in Section 2.3.3, the dimensions of 
action characteristics in Table 7 serve to classify the 
EOCs in the sample (Table 2). An error-forcing 
context (EFC) is assumed if the inappropriate action 
appears as prescribed by the procedure (Ginna), or is 
indicated as beneficial by the situational information 
(Hatch); otherwise (Trojan), a residual-error context 
(REC) is assumed. In analogy to an REC, a residual-
success context (RSC, i.e. the worst case of an EFC) 
is assumed if the action appears as prescribed, and is 
indicated as beneficial (not observed in the sample, 
but possible). 

The ranking outlined in Table 7 serves the 
assessment of the parameters of a quantitative model. 
In the following, the application of the logistics model 
is discussed. In this model, an EOC probability can be 
expressed as a function of the error likelihood ranking 
as follows: 

p(ν) = 1/(1 + e(ν - u)/s)  (16) 

in which: 

ν is the error likelihood ranking, and 

u, s are the position and dispersion parameters to be 
determined from the calibration points. 

Similar models are also used in the CAHR [11,12] and 
FACE [7] methods. For instance, the version of the 
CAHR method in [11] uses a logistics function, 
defined on a scale from ν=0 to ν=165, and for which 
u=82.5 and s=12.5. In contrast with the quantitative 
model in SLIM [31], the logistics model limits the 
probability of any value of the independent input 
variable ν to the interval [0,1], and has the 
characteristic that the range p=0 to p=0.5 is scaled 
symmetrically to the range p=0.5 to p=1. That is, 

p(u+∆ν) = 1 - p(u-∆ν)  (17) 

For the estimation of the model parameters (u,s), a 
ranking of ν=+5 is defined for the residual error 
context (RE C), and a ranking of ν=-5 for the residual 
success context (RSC). As the smallest point estimate 
obtainable from the sample, the EOC probability for 
ν=+5, is estimated from the upper bound Eqn.6 of the 
number of EOC opportunities under an REC: 

p(5) = m0/n0,max = 1/178 = 5.6E-3 (18) 

In analogy to an REC, an RSC refers to a situation in 
which the decision to reject the inappropriate action is 
influenced by random circumstances in the sense of 
‘good luck’. In view of this complementary 
relationship, according to the symmetry relationship 
expressed in Eqn. (17), the EOC probability for ν=-5 is 
estimated as follows: 

p(-5) = 1 - p(5) = 0.994  (19) 

The values from Eqns. (18,19), as calibration points, 
allow the parameters of the logistic model in Eqn. (16) 
to be calculated. The results are: 

u = 0  (20) 

s = 0.97  (21) 

Thus, the EOC probability can be estimated based on 
an expert judgment of the error likelihood ranking, 
which in turn should be based on a qualitative 
analysis of the situation with the EOC opportunity. 
However, the functional relationship in Eqn. (16) is 
meaningless without the anchor points of the ranking 
scale. One data-based anchor point is obtainable from 
the bounding results presented in Formula (7), i.e. the 
point where the error-forcing context (EFC) begins. 
The corresponding EOC probability is then: 
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p1,LB = m1/n1,max = 2/120 = 1.7E-2 (22) 

Solving Eqn. (16) for ν  leads to the corresponding 
ranking: 

ν = u + s ln(1/p1,LB - 1) = 3.94 ~ 4 (23) 

Table 8 summarises the results from the application of 
the logistics scaling, based on the model in Table 7, 
and the bounding results in Eqns. 4-7; because of the 
symmetry feature embedded in Eqn. 17, it is sufficient 
to present the results for ν>0; i.e. for EOC 
probabilities below 0.5, which are also of primary 
interest for HRA. One data-based anchor point is 
represented by Table 8: at ν~4, i.e. the beginning of 
an EFC (ν<4), according to the definition, 
inappropriate action is indicated as prescribed or 
beneficial in Table 7. For HRA, however, refined 
guidance is needed for the range below a ranking of 
4, which covers about two orders of magnitudes of the 
EOC probability. Without suitable data points, 
however, expert judgment is required for the 
development of such a refined guidance; e.g. by 
means of an extended version of the model in 
Table 7. 

It is worthwhile mentioning that the application of the 
model in Table 7 to a context to be quantified requires 
the examination of other factors, such as training or 
indications, as well as a systematic search for error-
forcing deviations from the nominal context features 
identified from the PSA model. For example, training 
may determine whether the operator interprets that a 
procedural instruction prescribes  an action, or whether 
the operator’s involvement in a concurrent task may 
determine i f he is stimulated to refer to the information 
indicating an action as risky. 

Furthermore, it should be noted that the EOC 
probability estimates (Tables 4,6,8) presented in this 
paper do not account for post-EOC recovery. In HRA, 
an EOC probability must be combined with a 
probability for non-recovery, given that there is time 
available for corrective responses. An approach for 
the data-based quantification of recovery has been 
outlined in [29]. 

Table 8: Results of logistic scaling (Eqn. 16) of the 
sample size bounding results: Eqns. 4-7. 

Context Error likelihood 
ranking 

EOC probability 

0 5.0E-1 
1 2.6E-1 

2 1.1E-1 

EFC: inappropriate 
action is indicated as 

prescribed or 
beneficial 

3 4.3E-2 

4 1.6E-2 REC: inappropriate 
action is indicated as 
prohibited and risky 

5 5.6E-3 

 

3 CONCLUSIONS 

The results of research on an issue of high relevance 
for the implementation of the second generation of 
HRA methods have been presented: namely, the 
context-specific quantification of errors of commission 
(EOCs). The proposed Sub-Sample-Size Bounding 
(SSSB) technique is a means of evaluating operating 
experience for this purpose. A small-scale application, 
involving 180 abnormal event sequences, has been 
presented for illustration. The results so far show that 
the SSSB technique provides a promising approach in 
the EOC quantification toolbox. Drawing stronger 
conclusions would require both a more detailed review 
of the underlying assumptions of the technique, and 
applications to a larger sample of EOC occurrences. 

From the methodological point of view, the key 
concepts of the SSSB technique are: (a) using a 
ranked set of context types, and (b) bounding the 
numbers of context-specific error opportunities. Both 
concepts allow some weak conclusions on how to 
overcome the key problem raised in the introduction: 
can we avoid mixing “apples with pears” when using 
data from operating experience for human error 
quantification? Unfortunately, the question must be 
answered no: we cannot avoid this mixing. 
Boundaries between types of contexts are fuzzy 
rather than sharp, and the current data situation limits 
the number of specifiable context types. However, we 
can improve the separation of different context types, 
and thus achieve progress. Such separation could 
function in an iterative manner, by starting with a 
coarse separation of contexts, and then proceeding to 
successive refinements. 

It should be noted that the Sub-Sample-Size 
Bounding technique does not provide specific 
guidance for defining a more comprehensive set of 
context types suitable for data evaluation; a simple set 
(error-forcing, residual) has been proposed here as 
illustration. However, the technique does provide a 
bridge between qualitative and quantitative analysis. 
Progress in separating context types with respect to 
error likelihood ranking can be transformed into 
progress in context-specific error probability 
assessment. 
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ACRONYMS AND NOMENCLATURE  

EF error factor (95th to 50th percentile ratio, or 
50th to 5th percentile ratio) 

EFC error-forcing context 

EOC error of commission  

HEP human error probability 

HRA human reliability analysis 

i context type index; i=0: REC, i=1: EFC; i=1.1: 
EFC, less error-forcing that type 1.2; i=1.2: 
EFC, less error-forcing that type 1.1 

m total number of errors 

mi number of errors under context i 

n error sample size: total number of error 
opportunities 

Ni sub sample size: number of error 
opportunities (random variable) with context i  

ni,max maximum of Ni  

ni,min minimum of Ni  

NPP nuclear power plant 

Pi error probability (random variable) under 
context i  

p(ν) EOC probability as a logistic function of ν 

PSA probabilistic risk assessment 

RCS reactor coolant system 

REC residual error context  

RSC residual success context  

s dispersion parameter of a logistic function 

SG steam generator 

SSSB sub sample size bounding (technique) 

u scale parameter of a logistic function 

σ2
Pi,N sub sample size variance of Pi (source: 

variation of Ni between ni,min and ni,max) 

σ2
Pi,m  statistical variance of Pi (source: limited 

number of errors) 

σ2
Pi  overall variance of Pi  

µPi mean value of Pi  

ν error likelihood rank 


