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ABSTRACT

This report provides an evaluation of the practicality, acceptability, and

usefulness of using the Multiple Sequential Failure (MSF) model originally de-

scribed in NUREG/CR-2211, 1981. The MSF model is described, discussed, and

procedures for its use provided. The model was found to be practical, accept-

able, and useful as a PRA tool for assessing the degree of dependence due to

human interactions with components in systems employing redundant components.
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EXECUTIVE SUMMARY

This report provides a description of and users' guide for the Multiple

Sequential Failure (MSF) model. The MSF model was initially developed and de-

scribed in NUREG/CR-2211, (1981) for use as a tool in Probabilistic Risk As-

sessments (PRA) of nuclear power plants. The research effort-described in

this report was conducted in order to evaluate its practicality, usefulness,

and acceptability to the PRA community as a methodological tool, as well as to

make it generally available for use by PRA practitioners.

The MSF model can be used in a PRA to estimate the level of dependence

in the failure of redundant components in a system due to human interactions.

That is, because nuclear power plants employ redundant (i.e., backup) compo-

nents in systems critical to plant safety as a means of decreasing the prob-

ability of total system failure, it is important to estimate the level of

dependence (i.e., lack of independence) induced by maintenance, testing, and

calibration activities which can cause common mode failures among redundant

components. These service activities are often carried out in sequence, by

the same personnel, using the same procedures and similar work practices. A

common mistake made on each redundant component can usually cause total system

failure. The model assumes that if a mistake is made in maintaining, testing,

or calibrating one component, the same mistake is more likely to be made on

the next redundant component to be serviced than if no previous mistake were

made. For instance, if following testing of one pump in a system, the opera-

tor fails to restore a test-related valve to the correct position, the likeli-

hood that he will fail to restore the same valve on the second pump as well

increases if these tasks are performed sequentially.

The MSF model can be used to estimate the probability of multiple human

failure in a system. The model uses the independent failure probability for a

single component and systematically modifies it (i.e., increases it) for each

redundant component in a sequence. The first component is assumed to have the

same failure probability as that estimated for the component to fail randomly-

due to human error. The second component is assumed to have a higher failure
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probability than random if there was a human error committed during the ser-

vicing of the first component. If there are three or more components, the

probability of failure is assumed to increase as human errors occur on the

other components previously serviced, so that the probability of component

failure increases sequentially. By inputting either actuarial or estimated

data on failures of redundant components to the MSF computer code, the MSF

model systematically modifies the random failure probabilities for each redun-

dant component and then applies the failure logic of the system to arrive at a

total system failure probability which accounts for dependence.

This report contains a discussion of the background on the development

of the MSF model, a users' guide that can he employed for estimating human

error dependency in conducting a PRA, the computer code for batch application

of actuarial or estimated failure data, and a description of a small-scale

psychological experiment. This experiment was used to determine the degree to

which the MSF model accurately assesses dependent sequential errors committed

by human subjects in analogous tasks. The experimental data collected were in

general agreement with the MSF model.



1.0 INTRODUCTION

1.1 Purpose of This Report

The purpose of this report is to assess the practicality, usefulness and

acceptability of employing the Multiple Sequential Failure (MSF) model (NUREG/CR-

2211, 1981) as a tool in Probabilistic Risk Assessments (PRAs) of nuclear power

plants. The MSF model is a tool for quantifying the human reliability component

of system failure probabilities in safety-related systems which use redundant

(i.e., backup) components. Because redundancy is employed in many of the most

important safety-related systems, the calculation of failure probabilities due to

human interactions in testing, maintenance, and calibration, must account for the

effects of redundancy. These effects must be accounted for to ensure the accu-

racy and reliability of an overall risk assessment.

1.2 Overview

The conservative safety-philosophy employed in the design of nuclear power

plants requires the use of redundancy to assure that the probability of reactor

accidents remains acceptably low. If failures of redundant components in

safety-related systems are assumed to be independent, the probability of total

system failures will be low. However, actual experience in the operation of

power plants has revealed that certain total system failures events occur more

frequently than would be predicted using the assumption of independence. This

can be explained by considering sources of dependence in failures among redundant

components as a result of physical and human interactions. Dependence can be

defined as the condition where the probability of a redundant component failure

is modified (usually increased) away from its independent failure probability

because of another previous failure (i.e., the probability of each successive

component failure in a redundant system is increased). Epler (1969) and Fleming

et al. (1983) provide numerous examples of dependence in system failures taken

from actual reactor operating experience.
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As discussed previously, analysis of dependent failures plays a major role

in the estimation of risk from reactor accidents using PRA techniques. As a

result, both qualitative and quantitative analyses of how dependent failures

occur have received wide attention among practitioners conducting PRAs of nuclear

power plants. The PRA Procedures Guide (NUREG/CR-2300, 1982) documents the

various types of dependency analyses used in PRAs. It also recognizes that

different quantification methods are needed for different types of dependent

failures.

Human interactions with systems using redundant components are a dominant

source of dependence in multiple failures of redundant components. In

particular, testing, maintenance, and calibration activities provide a common

link to redundant components in a system through human interactions. As a

result, failures of separate redundant components in a system cannot be

*considered completely independent. Determination of the extent to which the

probability of human error in one task is dependent on an error in a previous

task is important in the realistic assessment of joint failure probabilities for

redundant components because human interactions such as maintenance, testing, or

calibration are usually performed sequentially. The MSF model was developed (1)

to account for the type of human interactions that occur in nuclear power plants

and (2) to be useful in the overall PRA process. This report details the MSF

model and provides a procedure for calculating the joint human error probability

for two or more redundant components while performing testing, maintenance, and

calibration activities.

1.3 Relationship to General Human Reliability Methods

Human Reliability Analysis (HRA) is an important element in PRAs. HRA con-

siders and quantifies probabilities of human error in tasks that are performed

both under normal conditions and.during accidents or abnormal occurrences. Under

normal conditions, the errors which are considered usually occur during or after

testing, maintenance, or calibration; under accidents or abnormal conditions, the

errors considered are associated primarily with operator responses to the indica-

tion of conditions in the control room. A major problem in HRA analysis, as
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discussed above, is the determination of dependency among these errors. The MSF
model is a method specifically developed for calculating dependency during normal

conditions (i.e., from maintenance, testing, and calibration).

NRC research and development in the area of human reliability in nuclear

power plants has in part led to the development of the Handbook of Human Reli-

ability Analysis with Emphasis on Nuclear Power Plant Applications (NUREG/CR-

1278, 1983). This Handbook employs a general method called the Technique for

Human Error Rate Prediction (THERP). The specific method recommended in the

Handbook for using THERP in determining the effect of dependence among human

errors is based primarily on the informed subjective assessment of the individual

HRA specialist performing the analysis. THERP has been used effectively in

several PRAs sponsored by NRC and utilities. Other general HRA methods available

include Operator Action Trees (OATs) (NUREG/CR-3010, 1982) approach, used in the
Susquehana Nuclear Plant Accident Initiation and Progress Analysis (AIPA) - and

the Operator Response Model (Fleming et al., 1978), used in the High Temperature

Gas Cooled Reactor (HTGR) risk assessment. Other HRA tools are generally dis-

cussed in NUREG/CR-2815, (1985).

The MSF model, which provides a unique method for quantification of depen-

dent failures in HRA used in performing PRAs of nuclear power plants, can be used

in conjunction with any of the general methods discussed above. This model ad-

dresses only a specific aspect of HRA analysis and is not a general method. It

is most appropriate for determining dependent failure probabilities resulting

from testing, maintenance, and calibration activities on systems that incorporate

redundant components.

1.4 Organization of the Report

Section 2 briefly describes the basic features of dependent failures and

the MSF model. It also discusses the advantages and disadvantages of using this

method. *Section 3 describes how the model is used in a risk assessment. Section

4 evaluates the major issues in evaluating the use of the MSF model, including

those issues relating to the practicality, usefulness, and acceptability of
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employing the model. Conclusions and recommendations are provided in Section 5.

Appendix A provides a users' manual and describes the MSF model in detail, Appen-

dix B describes a small-scale psychological experiment aimed at testing the

model, and Appendix C lists the computer program for performing the calculations

required to use the model.
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2.0 THE CONCEPT OF DEPENDENT MULTIPLE SEQUENTIAL FAILURES AND THE MSF MODEL

Since redundancy is incorporated in safety-related systems in a nuclear

power plant, the introduction of dependence among failures of redundant com-

ponents in such a system will have substantial effects on the overall reli-

ability of the plant. As a result of the importance to safety of systems

which typically incorporate redundancy, the degree to which the probabilities

of failure for redundant components are actually independent of each other is

very important in determining overall risk from plant operation.

Examples of how human interactions may affect the independence of fail-

ure probabilities among redundant components in a system (i.e., introduce de-

pendence) are (1) the same work crews performing an incorrect maintenance task

on all redundant components in a system, (2) the same incorrect calibration of

component controls due to an incorrectly set calibration instrument being used

for work on redundant components in a system, (3) the use of incorrect pro-

cedures for testing all redundant components in a system, and (4) failure to

restore critical valves on all redundant components after testing or mainten-

ance of a system. Any of these examples will cause the overall system failure

probability to be higher than if all redundant component failures are treated

as being completely independent of each other.

2.1 Multiple Sequential Failure (MSF) Model

The MSF model developed by Samanta and Mitra (NUREG/CR-2211, 1981) pro-

vides a specific mathematical model and a statistical framework for quantify-

ing the failure probability of systems employing redundancy due to human in-

teractions associated with testing, maintenance, and calibration activities.

A complete discussion of how the MSF model compares to other dependency model-

ing techniques used in risk assessments is provided in Appendix B.

As an example of how to use the model, it can be used to calculate a

system failure probability considering human interactions with a system em-

ploying three redundant pumps. Ideally, human error data on this type of
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system may be available. These redundant failure data, if complete, would in-

clude the number of times the set of pumps have been maintained, the number of

times without any errors, the number of times only one error (and, therefore,

pump failure) occurred, the number of times two sequential errors occurred,

and the number of times three sequential errors (i.e., total system failure)

occurred. A sample of these data is given in Table 2.1.

Table 2.1 Sample Human Error Data.

Column 1 Column 2
Failure Data Failure Data

Assuming Complete Assuming Complete
Number of Times: Dependence Independence

All Three Pumps were Maintained 1000 1000
No Pumps Failed due to
Maintenance Error 980 987

One Pump Failed due to
Maintenance Error 10 10

Two Pumps Failed due to
Maintenance Error 7 3

Three Pumps Failed due to
Maintenance Error 3 <1

The data in the first column of Table 2.1 can he used to calculate the

level of dependence among these tasks. First, the single failure probability

is approximately one in one hundred (p = 0.01). This yields a total of 10

single pump failures in 1000 maintenance tasks. If the pump failures were

truly independent theprobability of two pumps failing, which can happen in

three different ways would be (p = 0.0003). Thi's means that in the case illu-

strated in Table 2.1, that the failure of two pumps would have occurred

approximately three times as indicated in the second column. For the failure

of all three pumps, the probability it would be one in one million (p =

0.000001) and, therefore, out of 1000 maintenance actions, failure of all

three pumps should occur less than one time as indicated in the second

column. It is clear that the failure data in column 1 reflects a level of de-

pendence because more multiple failures have occurred than would have if all

three redundant pumps were completely independent.
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Figure 2.1 describes the failure states in a 3-component system due to

human errors during testing, maintenance, and calibration. In a 3-component

system, one may observe the failure of one component, two component, and all

three components. Since personnel at power plants perform their tasks on each

component in a sequence, the probability of a total system failure due to

human error depends to a great degree on which component fails first. Using

the assumption that human interactions take place sequentially, an error

committed on component A increases the probability of the same error being

committed on components B and C. However, an error on component B and not on

component A influences only component C because of the sequential procedure

followed. Once a task has been performed on component A correctly, there is

no reason to go back to component A; and if so, the entire process begins

again. Thus, a failure caused by an error on component B can result in only

two component failures (i.e., components B and C), and an error in component C

will cause only the failure of component C. Determination of the probability

of these multiple sequential failures, and therefore, total system failure,
requires that the degree of dependency in this situation be assessed.

A B C

o 0 0

MULTIPLE FAILURES
DUE TO HUMAN

ERRORS

®: COMPONENT IN FAILED STATE
0: COMPONENT NOT IN FAILED STATE

Figure 2.1 Effect of dependency in failure states resulting from human errors
during testing, maintenance, and calibration activities in a 3-unit
system.

Using the dependent failure data set in column I of Table 2.1, the inde-

pendent failure probability of the first pump can be calculated. The second
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pump's failure probability can be calculated assuming that the first failed

and the third pump's failure probability can be calculated assuming failure of

the first and second pumps. Using these derived failure probabilities, this

model then arrives at an overall system failure probability which accounts for

the dependence due to human interactions.

The MSF model uses two parameters to calculate probabilities of each

component failing (i.e., the probabilities of sequential failures assuming one

failure has already occurred). It uses the failure probability of the first

pump failing (p) and a dependency factor (k). This can be illustrated by

using the following equation for the conditional failure probability of the

second pump for a system employing two redundant pumps:

P(for pump 2 failing, assuming pump I has failed) = P(for pump If(k'p)'

where f(k,p) indicates a function of k and p and is added to the probability

of the first pump failing. The variable k can be calculated using human error

data similar to those in column I of Table 2.1 by using the MSF computer pro-

gram provided in Appendix C. These data can be simply input to the computer

program and the resultant joint failure probability will be output.

In cases where those data are available, the overall failure probability

of the multiple, redundant units in a system are calculated. If the only

dependent failure data available are the number of errors on different combi-

nations of components (i.e., the number of errors on one component, two com-

ponents, and three components, in the above example), the probability of

independent errors (i.e., of error in a single unit) can be used to estimate

the number of opportunities for that failure to occur. This situation is real-

istic if, for example, the data are gathered from Licensee Events Reports (see

NUREG/CR-3519, 1983 for an alternative method of calculating opportunities for

errors). Limited data from available sources can be used in this way to gen-

erate data from which to calculate k and determine the multiple sequential

failure probability for the overall system.
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If no dependent failure data are available, then psychological scaling

techniques such as structured expert judgment can be used to develop a data

base upon which k can be calculated. NUREG/CRs-3688 and -4016 provide methods

of using structured expert judgment which have been evaluated by NRC and are

completely acceptable for the purpose of generating dependent failure data if

they are not available.

The simplified discussion above can be generalized to present the four

steps used by the MSF model in determining the multiple sequential failure

probability for systems incorporating redundancy. First, the model defines

the conditional failure probabilities expressed in terms of the individual

conditional failure probabilities for each component in the system and the de-

gree or level of dependence for each which may cause sequential failures.

Second, on the basis of the number of components involved and the failure

logic configurations of them, the model provides a mathematical expression for

the multiple sequential failure probability (i.e., total system failure) due

to human interactions during testing, maintenance, and calibration of multiple

components. Third, the parameters of the model (independent failure probabil-

ity [p] and the degree of dependence [k]) are either obtained from available

dependent failure data or can be developed on the basis of structured expert

judgment. Finally, multiple sequential failure probability is calculated us-

ing the expression developed in the second step and the estimated parameters

in the third step.

2.2 General Features of the MSF Model

The details of the MSF model are discussed in NUREG/CR-2211 (1981).

Also Appendix A of this report provides a users' manual and an overview of the

major mathematical formulas used. In addition, Appendix B provides a complete

discussion of how the MSF model compares to other dependency models. However,

specific features of the model are briefly discussed below:

1. The MSF model provides the failure probability of multi-component

system for various reliability configurations. For example, in a

9



four-component system, the model can be used to calculate the prob-

ability of failure of all four components, or of any three of the

four components, or of any two, and so on, depending on how many

components must fail for the overall system to fail.

2. The joint failure probability for multiple unit systems is calcu-

lated using two parameters: (1) the independent failure probability

(p) and (2) the dependence factor (k) which is the degree of depen-

dence induced by human interactions with the system. Thus, the

model requires the calculation or estimation of these two parameters

either from dependent failure data or through structured expert

judgment.

3. The degree of dependence (k) is assumed to be a continuum, i.e., it

can assume any value between complete independence (i.e., k = 0) to

complete dependence (k = 1). The model calculates the degree of de-

pendence (k) from a complete set of dependence failure data using

statistical estimation procedure (moment estimation technique).

However, the major problem in quantitative assessment of dependency

among redundant components has been the lack of complete data. In

situations where the actuarial data available on dependent failures

are unavailable or considered insufficient, structured expert judg-

ment may be used in two ways to determine multi-component failure

probabilities (1) to estimate the degree of dependence among compo-

nents directly or (2) to generate the number of times groups of com-

ponents fail (i.e., a complete set of dependent failure data) for

use in determining dependency using the MSF model and, thus, system

failure probabilities.

The MSF model will calculate the conditional probabilities based on

the estimated degree of dependence from structured expert judgment

and then calculate the multi-component failure probabilities based

on the system failure logic configurations. However, dependence is

a complicated phenomenon and the degree of dependence may not be
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sufficiently understood for an expert group to assess directly.

Accordingly, the second, and perhaps preferable, way to introduce

structured expert judgments is to estimate the number of times each

of 1, 2, 3... n components may fail in an n-component system. For

example, it may be estimated using structured expert judgment that

in a 3-component system, out of 1000 maintenance interactions one

of the components is expected to fail 12 times, two of the compo-

nents five times, and all three of the components three times. The

MSF model will then estimate the degree of dependence (k) from such

a structured judgment and will, accordingly, calculate the failure

probability of the multi-components system. Thus, in the case that

insufficient actuarial data on dependence are available, the MSF

model allows the incorporation of structured expert judgments and

provides an effective means of using structured judgments in depen-

dency •evaluations.

4. An error in one task is assumed to increase the probability of an

error in the next or subsequent task. This is positive dependence

as opposed to negative dependence, in which case an error in one

task decreases the probability of an error in the next task. The

MSF model considers only positive dependence based on the need for

conservatism as a specific assumption used in a PRA. Details on how

positive dependence is modeled are provided in Appendix A and in

NUREG/CR-2211 (1981).

5. The computations using the moment estimation technique to estimate k

from a complete set of dependent failure data may become complicated

and accordingly, a MSF computer program is provided (Appendix C) for

the User to evaluate the failure probability of the multi-unit sys-

tem directly.

6. The MSF model is used to analyze the specific aspect of Human Reli-

ability Analysis (HRA) related to the quantification of dependence

in systems employing redundant components due to human interactions.
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The model can be used in conjunction with any appropriategeneral

HRA method (e.g., THERP, OATS, etc.) in performing a PRA. The HRA

analyst will be faced with situations in fault trees requiring the

evaluation of multi-component failures due to human interactions in

testing, maintenance, and calibrations. It is expected that the MSF

model will be used as a tool to quantify system failure probabili-

ties in those situations within the overall HRA analysis.

2.3 Advantages of the Model

The MSF model presents two distinct advantages which may make it a pre-

ferable dependence modelling technique under certain circumstances.

The MSF model allows dependent failure probabilities involving mul-

tiple human actions to be evaluated on the basis of limited avail-

able dependent failure data coupled with structured expert judgment

thus, introducing greater objectivity and structure into the assess-

ment of this important element of PRAs. The incorporation of struc-

tured expert judgment in dependency is significantly simplified be-

cause direct assessment of the level of dependence is not a re-

quirement of the model. Instead, structured expert judgment can be

used to estimate a complete set of dependent failure data from which

levels of dependence can be calculated. As such, this model allows

the results to be less dependent on the subjectivity of an indi-

vidual analyst, and accordingly, can be expected to improve the con-

sistency of PRA results with regard to dependency analysis.

The computations involved in calculating the joint failure prob-

abilities from a complete set of dependent failure data can be per-

formed with the FORTRAN computer program provided in Appendix C of

this report. The program is user oriented, the input requirements

are simple and the output is directly usable in PRA calculations.
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2.4 Disadvantages of the Model

The disadvantage of the MSF model at this time, is that the associated

uncertainty propagation technique has not yet been developed. As a result,

the MSF model provides a single estimate of the multi-component failure prob-

ability, but not the associated uncertainty bounds. The optimal use of this

model in PRAs requires uncertainty bounds. Research aimed at developing

specific means of uncertainty propagation for the MSF model is recommended in

Section 5.
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3.0 DESCRIPTIVE WALK-THROUGH OF THE MSF MODEL

There are a number of ways to use the MSF model. This section provides

a descriptive walk-through of the model and the requirements necessary to use

it. A complete discussion and illustrations of using the MSF model are pre-

sented in Appendix A.

The process of calculating the multi-component probabilities using the

MSF model depends on the type of information available.. As discussed in the

previous section, the input requirements for the model may be developed either

from dependent failure data from actual operating experience or from struc-

tured expert judgment. Lack or sparsity of actual data on dependent failures

has been the major obstacle to reliable, objective quantification of these

failures for use in risk assessments. Accordingly, in most situations, struc-

tured expert judgment may be used to establish dependent failure data or com-

plement available actuarial data.

3.1 . Input Data to the MSF Model

There are only limited actuarial data on multiple sequential failures in

nuclear power plants. If complete data on dependent failures were available

(as shown in column 1 of Table 2.1), then calculation of dependence could be

easily done using the MSF computer code (Appendix C). However, actuarial data

on dependent failures are rare so that some use of partial actuarial data com-

bined with structured expert judgment must normally be used in performing a

dependency analysis in a PRA using the MSF model. There are three possible

ways to provide input data to the MSF model: (1) using a complete set of

actuarial dependent failure data, (2) using a partial set of actuarial depen-

dent failure data combined with structured expert judgment to supplement the

available actuarial data, and (3) using only structured expert judgment to

generate a complete set of dependent failure data when none exist. Each of

these is described below.
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3.1.1 Use of a Complete Actuarial Dependent Failure Data

A complete data set of dependent failure data would include the number

of times a system was interacted with (i.e., maintained, tested, or cali-

brated), the number of redundant components in the system, the number of times

one component failed, the number of times two (or more) components failed, and

the number of times the entire system failed. From these data the independent

failure probability of component failure (p) could be calculated and the de-

pendency factor (k) derived by using the. MSF computer code. For most systems

typically assessed in a PRA, complete data are not available so that struc-

tured expert judgment will normally be used.

3.1.2 Integration of a Partial Set of Dependent Failure Data With Structured

Expert Judgment

If partial dependent failure data are available, then structured expert

judgment can be used to supplement or complete the dependent failure data base

which can then be used to calculate the independent component failure prob-

ability (p) and the dependence factor (k). For example, if an analysis of

Licensee Event Reports (LERs) shows only that there are a certain number of

total system failures, structured expert judgment could be used to estimate

how often one, two, or three units failed and how often*human interactions

with the specific system being considered occurred. These data could then be

analyzed using the MSF computer code in the same fashion as a complete set of

failure data (Section 3.1.1).

3.1.3 Use of Structured Expert Judgment if no Dependent Failure Data

are Available

If no dependent failure data are available, structured expert judgment

can be used in two ways: (1) to generate a complete set of failure data or

(2) to directly estimate the independent failure probability (p) and depen-

dence factor (k).
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3.2 Illustration of Using the MSF Model

This section contains an illustration of the use of the MSF model. A

complete set of application illustrations is provided in Appendix A.

Consider the case of a Containment Spray Injection System (CSIS) in

which there are two redundant recirculation valves. For the CSIS to work, at

least one of the two valves must be in the closed position. Both valves are

tested monthly by being put into the open position, tested for performance and

restored to the closed position following the tests. If the valves are in the

open position as a result of a human error (i.e., failure to restore the

valves to the closed position after testing), the CSIS is unavailable in the

case that it is needed.

If there was no dependence (i.e., complete independence) between the

human errors of leaving one valve open and leaving the other open, then the

overall system failure probability would be the product of the two separate

(i.e., independent) human error probabilities. If the single human error

probability for failure to close one valve after testing is 0.01, then the

system failure probability due to both valves being open would be 0.0001 (0.01

x 0.01 = 0.0001). However, it is intuitively clear that if an operator test-

ing the system fails (e.g., forgets) to close the first valve, he may be more

likely to fail to close the second valve as well. The MSF model can be em-

ployed to estimate the actual joint failure probability.

In this illustration, it is assumed that the PRA analyst has available

data on failure to close the CSIS valves from the LER file and that the inde-

pendent probability of failing to restore one CSIS valve is obtainable from

available HRA data. These data are presented in Table 3.1 and represent a

partial set of input data to the MSF model.

The first step in this analytic process would be to calculate the total

number of opportunities for the failures in question to occur. Using the

calculation outlined in Appendix A, Section 3.2, the total number of
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Table 3.1 Data Available on Failure to Restore CSIS Valves

LER Data:

Number of times one valve was left open - 95
Number of times both valves were left open - 11

HRA Data:

Accepted probability for failure to restore one valve - 0.01

opportunities for these errors is 5,270. A complete set of failure data are

now available for determination of the degree of dependence and joint failure

probability for the CSIS. The complete set of failure data are then input

into the MSF computer code which is fully described in Appendix C. The code's

output indicates that the joint failure probability for the CSIS failing due

to open valves is 0.021. It should be noted that this is a higher value than

would be predicted using the assumption of independence (i.e., 0.0001).

If no dependent failure data are available, then structured expert judg-

ment techniques described in NUREG/CRs-3688 and -4016 can be used to develop a

complete set of dependent failure data. Alternatively, structured expert

judgment can be used to directly estimate the independent failure probability

(p) and the degree of dependence (k).
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4.0 EVALUATION

In this section the MSF model is evaluated in terms of its practicality,

usefulness, and acceptability. As discussed previously, it is a model for use

in estimating joint failure probabilities for multiple sequential failures in

systems with redundant components.

4.1 Practicality

An evaluation of the practicality of using the MSF model within the con-

text of a PRA must include consideration of the costs, required personnel,

and logistics. Each is discussed below.

4.1.1 Costs

The costs of using the MSF model in a PRA are dependent on the number of

systems being. analyzed for joint failure probabilities due to dependence.

Each analysis will require collection of data and/or structured expert judg-

ment. Costs ,can be broken down as shown in Table 4.1. As indicated in this

table, the costs are quite variable. The reason for this is that in some

cases complete data will be available.which would result in low costs since no

structured expert judgment is necessary and the data analysis is handled by

the MSF computer code. On the other hand, when no data are available, it

would take less time to determine the unavailability of the data, but the

structured expert judgment would require more resources. As a result, it can

be concluded that use of the MSF model is most practical, on a cost basis, if

a complete set of failure data are available. When no data are available, the

MSF model will entail higher costs.

It must be noted that a well planned PRA process would involve prede-

termination of which systems do not have complete data available and aggrega-

tion of these analyses to take advantage of economies by having the expert

group meet to address all of the systems in one session or set of sessions.

For the purposes of assessing the costs of using the model in a PRA, assume
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Table 4.1 Costs of Using the MSF Model for a Single System Analysis

Complete Partial Data Structured
Actuarial Data and Structured Expert Judgment

Available Expert Judgment and No Data
(Staff-Days) (Sta f f-Days) (Staff-Days)

Data Collection 1 2 1
Structured Expert

Judgment* 0 4 7
Data Analysis 0.5 1 2

Total 1.5 7 12

*Assumes a three-member expert group and one facilitator.

that ten systems are involved that must be analyzed in terms of human induced

dependence. Of these ten systems, assume no data are available for six of

them, partial data are available for three of them, and complete data are

available for only one. Assuming further, that expert groups address all of

these systems together (taking 6 days), the costs which would result are

presented in Table 4.2. It is concluded that the estimated cost in Table 4.2

(44 staff-days) is not prohibitive considering the critical importance of

these analyses in a PRA and is, therefore, practical on a cost basis.

Table 4.2 Cost for 10 Redundant Systems Analyses

Data Collection 7 Staff-Days
Structured Expert Judgment* 24 Staff-Days
Data Analysis 13 Staff-Days

Total 44 Staff-Days

*Assumes a three-member expert group and one

facilitator.

4.1.2 Personnel

A PRA specialist may be capable of analyzing available actuarial data

(e.g., the LER file) to develop a complete set of data on events associated

with dependent failures in redundant systems and of inputting the data into

the MSF computer code. However, it will be necessary to have a qualified

20



human reliability professional develop any data which are not otherwise

available. For instance, if any use of structured expert judgments are made,

an individual qualified in facilitating the group decision process must be

employed. In addition, any expert group should be comprised of a mix of

experts in operations, human reliability, and risk assessment. The minimum

expert group size should include three experts and one facilitator.

-.4.1.3 Logistics

In order to optimize the use of logistical support in estimating the

joint failure probabilities of components in redundant systems, it would be

desirable to consider all dependence calculations used in the PRA in one ses-

sion or set of sessions. This would allow for use of the same expert group

throughout the dependence estimation process. As a result, the MSF model

should be initiated after critical systems employing redundancy are

identified.

4.2 Usefulness

An evaluation of the usefulness of the MSF model in the PRA process must

include consideration of the justification for its use, the compatibility and

comprehensiveness of the model with regard to PRA process, and the validity of

the model as a human reliability analysis tool. Each is discussed below.

4.2.1 Justification

Dependency analyses play a very critical role in the overall assessment

of risks from plant operation. Accordingly, the development of a new depen-

dency model is justified because it provides PRA practitioners with a new

method to use which may be considered preferable to existing methods (e.g.,

NUREG/CR-1278, 1983; WASH-1400, 1975) which have been the subject of criticism

(NUREG/CR-0400, 1978).
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The MSF model offers a more rigorous framework for estimating the level

of dependence and the joint failure probabilities (i.e., total system fail-

ures) that result. Thus, it is less dependent on the subjective analysis of a

individual HRA specialist as is currently done using other available models.

4.2.2 Compatibility With the PRA Process

Use of the MSF modeling adds more consistency to the estimates of

dependence used in PRAs. If used in the optimal logistic fashion, the depen-

dency estimation process using the MSF model would be done at the same time

for all human induced dependence calculations considered in the PRA. The same

expert group should be used to make estimates of dependent failure data, in-

dependent failure probabilities, and/or dependency levels. As a result of

using a single expert group, there should be improved consistency in making

these estimates.

The output of the MSF model is in the form of system failure probabili-

ties attributable to human interactions. This form of output is fully compat-

ible with the needs of PRA.

4.2.3 Validity of the Model

The estimation (i.e., prediction) of the level of dependence introduced

by human interactions with safety-related systems is a very important factor

in the overall quality of any PRA. In order to be conservative in PRAs, human

induced dependence is assumed to be a factor included in any calculation of a

joint failure probability for redundant components in a system. Various

models, discussed in detail in Appendix B, Section 1.1, have been used in

PRAs, but none had been tested using a complete set of actual human perfor-

mance data generated for that purpose. The central question in testing the

model is whether, in sequential human task situations where dependence may

exist, the model can predict a joint failure probability in a manner signifi-

cantly more accurate than would be predicted by chance. In essence, the
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question is whether the MSF model is a useful tool in accounting for how human
beings actually commit sequential errors. If the MSF model fits actual data

on humans committing errors during sequential tasks, it can be useful in a

PRA.

In order to assess the validity of the model, this section describes

two efforts: (1) an internal validity check and (2) an external validity

check. Each is described below.

4.2.3.1 Internal Validity Check

In order for a model to be used, it must perform as expected in terms of

the internal validity of inputs and outputs. Sensitivity analysis was used to

address the question of validity of the model. In sensitivity analysis, pre-

defined inputs are provided and results obtained from the model are compared

with expected outputs to assess whether the interpretation of input data by

the model is appropriate. Accordingly, sensitivity analyses were designed

with several different types of input data on dependence. The results of the

sensitivity analysis provide the following observations indicating the inter-

nal validity of the model.

- For cases with representing random double, triple, or quadruple

failures, (i.e., no dependence), the model consistently yields depen-

dency factors (k) which are extremely close to zero.

- As the data input are modified to represent an increase in dependence

(i.e., increasing sequential error rates), the model calculates

higher values-of the dependency factor (k), and the joint failure

probability is appropriately increased.

4.2.3.2 External Validity Check

In order to reliably test the external validity MSF model, a small-scale

simulation experiment was undertaken whilch is described in detail in Appendix
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B. Two previous attempts to test the external validity of the MSF model using

actuarial data (NUREG/CR-2211, 1981; ASA-709; 1982) were constrained by the

limited human performance data on sequential errors which was available. In

order to collect sufficient human performance data, three analogues to main-

tenance, testing, and calibration tasks, were developed using actual nuclear

power plant procedures of several representative tasks and reviewed by indi-

viduals with appropriate nuclear power plant operational experience. Work

characteristics which were simulated in the experimental tasks were: (1)

routine, repetitive performance, (2) intermittent scheduling interspersed with

other tasks, (3) well-practiced subjects with relatively low error rates, (4)

no direct feedback on errors and no direct supervision of work, (5) continu-

ously available written procedures for each task, and (6) the option of re-

starting a task without penalty.

Five paid, male subjects were selected and given extensive training on

the three tasks. After training was completed, subjects worked four hours per

day, five days (i.e., 20 hours per week) performing these tasks. Usable data

from eight to eleven sessions were collected for each subject.

After the data were collected, they were statistically analyzed (i.e.,

chi-square) to determine if, when sequential errors occurred, the MSF model

accounted for the sequential error rates evidenced by the actual performance

of the subjects to a statistically significant level. For sequential errors

found in the data, the MSF model fit the patterns of how actual error prob-

abilities increased to a significant level (i.e., significant to p < 0.10).

The fit was sufficiently good that the MSF model reliably described the per-

formance of the subjects on sequential tasks.

4.3 Acceptability

In light of the successful test of the MSF model in the small-scale psy-

chological experiment described in the previous section and detailed in

Appendix B, the MSF model has credibility as a tool in PRA. The MSF model was

also reviewed by several PRA practitioners who have indicated a willingness to
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use the model if it is documented for use. Because this report provides a

users' guide (Appendix A) and the MSF computer program (Appendix C), it is now

usable within the PRA community.
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5.0 SUMMARY, CONCLUSIONS, AND RECOMMENDATIONS

5.1 Summary

This report presents an evaluation of the MSF model in terms of use in

the PRA process. It presents an overview of the model (originally described

in NUREG/CR-2211, 1981) and provides an evaluation of its practicality, use-

fulness, and acceptability, along with guidance and instructions on using the

model (Appendix A).

5.2 Conclusions

The estimation of multiple failure incorporating human dependency has so

far been subjective and the model presented provides an improvement of the

state-of-the-art in terms of reducing the level of subjectivity in the analy-

sis. The model, in an ideal situation requires data on dependency which may,

in many cases, be currently available. However, the model provides a means

for using any limited data that are available and provides a systematic means

of incorporating structured expert. judgments to support them.

5.3 Recommendations for Future Work

- Various dependency situations due to human interactions that are en-

countered in performing a PRA should be categorized and classified

into generic groups based on the analysis of the dependency condi-

tions. Attempts should then be made to develop data bases represent-

ing the various situations so that the MSF model can be used to de-

velop dependent failure probabilities which may then be used directly

in PRAs.

- Modeling of human error dependency is rather complex and, accord-

ingly, the MSF model requires a number of assumptions. In light of

the present state of knowledge concerning dependence and risk

assessment, these assumptions are considered appropriately
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conservative. However, with the accumulation of data on dependent

failures, these assumptions should be examined and modifications in

the model should be sought if appropriate.

The MSF model does not provide any means of obtaining uncertainty

bounds in the estimation of dependent failure probabilities. Statis-

tical procedures are available for developing uncertainty bounds

(NUREG/CR-2211, 1981) and efforts should be initiated in that

direction.

NRC should initiate efforts to modify its event and incident report-

ing systems to collect dependent failure data in order to provide in-

put to this important area of risk assessment.
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APPENDIX A

OVERVIEW OF THE MODEL AND A USERS' GUIDE

1.0 OVERVIEW OF THE MODEL

1.1 Basic Philosophy

The multiple sequential failure (MSF) model provides a statistical frame-
work for quantifying the probability of failure on two or more tasks performed by
one or more persons. The method uses the available limited data and the under-
standing of the task situation to derive the joint probability of failure. Since
the model attempts to derive the joint failure probability based on the failure
data, it observes the effect on the system, i.e., the number of times different
groups of components affected, without attempting to distinguish the cause in
terms of number of persons involved in the task. Thus, the observed data are
considered to embody the dependence between and within the people, if more than
one person is involved in carrying out the task.

The MSF model embodies various characteristics of dependent human failures
to develop the analytical framework for estimating the available data. Without
the incorporation of such characteristics., the estimation of joint failure prob-
ability will require substantial amount of data; which is not available. Other-
wise, the estimation will be grossly erroneous.

Whenever an individual or a group of people are involved in more than one
task at a time, there is a level of dependence from one task to another. These
tasks are usually similar and repetitive in nature. For example, during the
monthly test of auxiliary feedwater systems, three pairs of pumps discharge
valves are closed and they should be left open following the test. If the opera-
tor fails to open the first valve following the test, the probability of failure
to open the second valve is dependent on the first act, and similarily, the prob-
ability of failure to open the third valve is dependent on the first two acts.
The estimation of the degree of dependence among the tasks, and thus, the avoid-
ance of underestimation in the joint faiiure probability is of primary importance
in reliability calculations.

An analysis of the task situations where humans are involved in carrying
out multiple tasks reveal the sequential or cascading nature of failure. Since
humans perform their task in a sequence, and-the procedures demand the observance
of such sequences, the failures propagate in one direction only. For example,
consider the failure to open three valves, A, B, and C by an operator. The
procedure demands him to open valve A, then valve B, and then valve C. Accord-
ingly, the failure to open valve A will influence his probability of failure to
open valves B and C. But his failure to open valve B, influences his probability
of failure to open valve C and not the probability of failure to open valve A;
since if he already performed his task on valve A, he has no reason to go back to
A, and if he does go back, the whole process starts over again. Thus, a failure
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in valve B can result in failure of two of the components and failure in valve C
will result in a single failure.

This analysis of dependence among the failures provides the framework for
the probabilistic modeling of multiple sequential failure. Here, the degree of
dependence is considered a continuum, and a positive dependence is assumed among
the failures. This implies a positive dependence between events, i.e., a failure
on the first task implies an increased probability of failure on the second task.
The modeling of this phenomenon is accomplished by defining the range within
which the probability of second failure lies. Given two sequential actions, the
probability of failure in the second action given failure in the first action is
increased from the independent failure probability of the second action, and
thus, must lie between the lower bound of the independent failure probability and
the upper bound of 1. The increased failure probability is considered to a frac-
tion of the entire range and is estimated from data. When more than two actions
are involved, the degree of dependence is expected to be of more complicated in
nature. Given three sequential actions, the probability of failure in the third
action, given failure in the first two, should exceed its independent failure
probability by an amount greater than that in the case of second failure, given
the first failure. In this model, it is argued that in multiple sequential fail-
ures the probability of failure in the third action is more dependent on the
probability of failure in the second action, given the first failure, than on the
independent failure probability of the third action. Thus, the range of the
probability of failure in the third action is shrunk by increasing its lower
bound from its independent failure probability to the probability of second fail-
ure, given the first failure. For similar dependent actions, the probability of
second failure, given the first failure is always greater than the independent
failure probability of the third action. Thus, the range of the probability of
failure in the third action is-shrunk by increasing its lower bound from the in-
dependent failure probability to the probability of second failure, given the
first failure. In this way, the ranges of probability of failure of higher and
higher actions are shrunk, and the respective probabilities are increased because
of the change in the lower bound of the respective shrunken ranges. To some ex-
tent, this approach authomatically takes into account the increased dependence
for any action compared with the preceeding action in a multiple sequential
action. That is, such increased dependence is built into the model.

1.2 Assumptions

Development of a mathematical model of any real situations is an idealiza-
tion of various underlying processes and implicit in it are a number of assump-
tions. Such assumptions are necessary ingredients of the model development and
in no way undermines the model as long as these are consistent with our
understanding of the process. In fact, these assumptions allow one to develop
the analytic model of the complex structure. In this case, many of the
assumptions are derivative of the basic philosophy behind the model and others
are due to lack of detailed data on dependent actions. As more and more data
become available, number of assumptions can be removed; however, in the meantime,
care is taken to insure that the impact of these assumptions are conservative.
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*The following provides a summary of the various assumptions implicit and
explicit in the model:

1. Dependent human failures progresses in a sequential manner and follows
a defined direction. This assumption directly relates to the way tasks
are performed and the procedures on the task.

2. Positive dependence was modeled between successive failures. Negative
dependence, implying that the failure on the first task may decrease
the probability of failure in the second task, was not taken into con-
sideration. There may be such instances; however, the evidence is not
clear and this assumption is expected to introduce conservativeness in
the estimate of the joint failure probability.

3. No dependences on successes were assumed. If there is positive depen-
dence on successes, the neglect of such dependencies will add to the
conservativeness in the model. But, if negative dependence is present,
this is expected to result in underestimation. The relative effect of
positive and negative dependence on successes is not known and the
overall impact of this assumption cannot be judged at this point. None
of the other dependence models accounts for the success dependencies at
this time.

4. The conditional probability failure given success is assumed to be the
independent failure probability of that action. For example, in the
case of three tasks, if there is failure in the first task and success
in the second task, then the probability of failure in the third task
is assumed to be independent of the previous tasks. Thisassumption is
plausible because, as soon as a correct action is performed following a
failure, the dependence on that failure is assumed to be lost.

1.3 Comparison with Related Model

The dependence model presently used in assessing human error dependence in
PRAs was developed by Swain and Guttmann (NUREG/CR-1278, 1983). Previous
discussions in this report at various points provided contrasting features of the
MSF model with that of Swain and Guttmann. In this section, a brief summary of
major differing points are provided.

1. The dependence failure modeling in NUREG/CR-1278 is based on subjective
assumption and there are no means of incorporating actual data, even if
they are available. At present, some actual data are available and the
MSF model provides a vehicle for improving the state-of-the-art by re-
moving subjectivity in the analysis.

2. In NUREG/CR-1278, the analyst is restricted to choosing amongst the
specified levels of dependence. There is no such restriction in the
MSF model. The degree of dependence is assumed to be a continuum as it
correctly should be.
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-3. The dependency treatment is NUREG/CR-1278 is arbitrary and highly
questionable. The conditional failure probability on Task N in Swain
and Guttmann's dependence modeling given failure in the immediately
preceding Task N-Ifor a given level of dependencce is given by:

Pr[F .N "1 IN -11- I LD] = Pr[F,,N,, + 1/2 (1-Pr[F,,N,,])

where LD represents the low level of dependence, the interesting point to note
that the conditionality of failure in Task N (i.e., the failure in Task N-I) is
completely absent from the right hand side of the equation which calculates the
conditional failure probability. The conditional failure probability is thus
dependent on the present task which is contrary to the basic process in dependent
failure. The MSF model incorporates the dependency phenomenon in it by analyzing
the task situation involved.

4. The dependence modeling in NUREG/CR-1278 only addresses 1 out of n:G
logic-type situation and the method is not capable of handling more
general n out of n:G logic-type configuration. Various logic configu-
rations are encountered frequently in PRA for nuclear power plants and
the analyst is left without any guidance for evaluating these situa-
tions. The MSF model addresses all types of situations commonly en-
countered in PRAs and provides specific formulas for use in each of
these situations.

1.4 Limitations and Area of Application

The MSF model is based on human error task analysis that the dependency is
cascading in nature as explained in Figure 2.1. It is believed that dependency
in human errors is cascading in nature, however, if there is reason to believe
that the nature of dependency is different, the MSF model is not the appropriate
approach.

The MSF model can be used when actual data or data based on structured
expert opinion are available. It can also be used when the degree of dependence
is directly assessed based on structured judgments. The model is capable of
handling different levels of degree of dependence between different pairs of
actions. However, the equations provided in this report relates to situations
where the degree of dependence is assumed to be constant across tasks. Section 3
of the report provides guidance on handling situations where the degree of
dependence is different within subsets of tasks.
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2.0 MULTIPLE SEQUENTIAL FAILURE MODEL

2.2 Governing Equations

Let us consider n sequential actions and let the symbols H1 , H2,.
H2 represent failure in actions, respectively. Correspondingly, HI,
2,...Hn represent success on the actions. The expression H1H2Hm

represents repetitive failures in action 1 through m.

P(Hi): Probability of failure on the ith action
P(HIH2...Hn): Joint probability of n sequential failures.

Considering dependencies, the joint probability can be written as:

P(NH1H2,...H n) P(H 1 ) P(H 2 /H 1 ) P(H 3 /H 1 H2 ) ... P(Hn/HIH2...Hn-1)

where the bounds of the conditional probabilities are given by:

P(H 2 ) < P(H2 /H 2 ) _9

Max [P(H2 /H 1 ),P(H 3 )] < P(H 3 /H 1 , H2 ) <1 (1)

Max[P(Hn-i/HiH2 ... Hn_ 2 ),PiHn)] < P(Hn/H ,HN2 -..H n-) <1

In most of the practical situations of importance in nuclear power plant
applications, the dependency is considered among similar actions and accordingly,
the failure probability of the indepedent actions are the same. However, the
model is not limited to similar action but the remainder of the discussion, for
ease of understanding, will be carried on within that restriction. Mathe-
matically, this implies:

P(H1 ) = P(H 2 ) = ... = P(Hn) = P

2.1.1 Calculation of Conditional Probabilities

The determination of conditional probability is the most difficult part in
the dependency modeling and contains the essential features of the MSF model.
Here, the conditional probability of failure in the second action, given failure
in the first action is expressed as the sum of the independent failure probabil-
ity (p) and a dependent failure probability (Pdf).

P(H2 /H1 ) = P + Pdf
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The dependent failure probability describes the increase in the failure probabil-
ity due to dependency and is expressed as a fraction of the total range of the
conditional failure probability.

Pdf = (1-p)k (2)

where:

(1-p) = the total range of P(H2 /HI) from Equation (1)
k = the dependence factor.

Accordingly:

P(H2 /HI) = p + (1-p)k

The probability of failure in the third action, given failure in the first
two, is given by:

P(H 3 /HIH 2 ) p + (1 - P(H2 /Hl))k
= p + (I-p) [1-(l-k) 2 ]

where the dependence factor is assumed to be the same as in the previous case.

In a general situation, k's can be different.

Proceeding in a similar manner, one can show:

P(Hn/H1H2...Hn_1) = p + (1-p)[1-(1-k)n-l] ()

Other types of conditionality appear in the development of joint failure
probability. The probability of failure following a success is considered to be
the independent failure probability.

P(H2 /H1 ) = P(H2 ) = P

Also, the probability of failure of the ith action, given success in the (i-1)th
action is considered to be the independent failure probability of the ith action,
irrespective of the failure history in the Ist to (i-2)th action (assumption 4,
see Section 2.2). That is, for three actions, the probability of failure in the
third action, given succeess in second and failure in the first is given by:

P(H3 /H2 HI) = P(H3 ) = p

2.2 Users' Guide for Applications to Different Task Situations

2.2.1 2-Unit System

For a 2-unit system, the system logic configuration of interest is 1 out of
2:G logic, i.e., the system is good if at least one of the two units is good.
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The failure probability ( 1 P2 ) for 1 out of 2:G logic is given by the
MSF mode as:

l out of 2:G logic = P2= p2 _ kp2 + kp

The moments equations to be solved for estimating p and k from data are:

2p + kp(l-p.) = 1/N (xl+2x2)

2p + 2p2 + 3kp(l-p) = 1/N (xl+4x2)

where:

N = total number of opportunities
xI = number of times one unit is failed
x2 = number of times both the units are failed.

2.2.2 3-Unit System

For a 3-unit system, the system logic configurations of interest are 1 out
of 3:G logic and 2 out of 3:G logic.

The failure probabilities for these logic configurations given by the MSF
model are as follows:

2
1 out of 3:G logic = 1P3 = i [l-(l-p)(l-k)i]

i=O

2 out of 3:G logic = 2P3 = p(2-p)-2p(l-p) 2 (l-k)

The moments equations to be solved for estimating p and k from data are
(p<<l).

3p + 2pk + 2k2 p = 1/N (xI + 2x2 + 3x3 )

3p +6p 2 + 6pk + lOk 2 p = 1/N (xI + 4x2 + 9x3.)

where:

N = total number of opportunities
xi = number of times i units have failed.

2.2.3 4-Unit System

For a 4-unit system, the system logic configuration of interest are I out
of 4:G logic, 2 out of 4:G logic, and 3 out of 4:G logic.

The failure probabilities given by the MSF model are as follows:
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1 out of 4:G =P4

2 out of 4:G = 2p4

3
: I [1-(1-p)(1-k)i]

i=O

= p(2-p) - 2p(l-p) 2 (1-k) + p(l-p)(p 2 +p-2)(1-k) 2

+ 2p(1-p) 3 (1-k) 3

= (3-3p+p 2 ) p-3p (1-p) 3 (1-k)

to be solved for estimating p and k are (p<<1).

3P(3/4) + 4P(4/4) = 1/N (xj +2x 2 + 3x3 + 4x 4 )

9P(3/4) + 16P(4/4) 1/N (xj + 4x 2 + 9x 3 + 16x4)

3 out of

The moments

P(1/4) +

P(1/4) +

4:G = 3p4

equations

2P(2/4) +

4P(2/4) +

where:

P(1/4) = 4P - 12p 2 - 3pk,

P(2/4) = 3pk + 6p 2 - 4pk 2 ,

P(3/4) = 8p 2 k + (4p-26p 2 )k 2 - (8p-37p 2 )k 3 + 9pk 4 - 5pk 5 ,

P(4/4) = 13p 2 k 2 + (6p-31p 2 )k 3 - 9pk 4 + 6pk5 ,

N = total number of opportunities, and
xi = number of times i units are failed.

A-8



3.0 ILLUSTRATIONS OF USING THE MSF MODEL

Task processing, or calculating the dependent failure probability using the
MSF model depends on the type of information available. As discussed in the pre-
ceding section, the input requirement for the model may be developed either from
actual operating experiences or from structured expert judgments. Lack or spar-
sity of actual data on dependent failures has been the major obstacle to its
quantification. Accordingly, in many situations structured expert judgment may
be used to establish or complement the data base used as input to the MSF model.

The adequacy of dependent failure data base has two aspects. One, depen-
dent failures are rare events and need to be quantified in situations which are
reliable to start with. Accordingly, the number of dependent failures to be ob-
served is expected to be small unless data are gathered over a very long period
of time. The other aspect relates to the situation where no attempt has been
made to collect the experiences of dependent failures. In the first instance, if
the data base is developed from LERs, the number of opportunities are rather dif-
ficult to estimate, even if the number of dependent failures are gathered. The
inadequacy of the first type of data is expected to be the norm of dependent
failure analysis and, accordingly, the MSF model was developed to derive the
failure probability in terms of limited data and structured expert judgment along
with a mathematical model. In the second instance, structured expert opinion has
to be used to develop a data base or to develop a level or degree of dependence
among the actions considered.

The actual data on dependent failures may be available in two different
forms:

1. A complete set of dependent failure data (i.e., the total number of
opportunities and the number of failures of each combination of compo-
nents are available). For example, in a 3-unit system, the data on the
total number of opportunities along with the number of observations re-
presenting each failure in one of the units, two of the units, and all
three of the units failed are available.

2. A partial set of dependent failure data (i.e., only the number of fail-
ures of each combination of components are available). For example, in
a 3-unit system, only the number of observations representing each
failure in one of the units, two of the units, and all three of the
units are available.

In situations where actual data are not available, structured expert judg-
ment can be used in one of the following ways:

1. Develop a complete set of dependent failure data (i.e., on the basis of
the analysis of the tasks using structured expert judgment will provide
the expected number of failures for each combination of components for
a given number of opportunities).
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2. Develop partial set of dependent failure data (i.e., given the number
of single failures, how many times other combinations of failures are
expected to be developed from structured expert opinion). That is,
given 10 single failures for a 3-unit system, how many times does one
expect to observe failure of two of the units or of all three of the
units?

3. Directly estimate the degree of dependence (i.e., structured expert
judgment is used to directly estimate k from an analysis of the task
situation). The use of structured expert judgment at this level is
most difficult and introduces maximum uncertainty because of lack of
understanding of the nature of dependency in general and the necessity
of completely understanding the MSF model to establish a parameter k
directly in the model.

From the above discussion, the types of inputs that may be available for
quantifying multiple sequential failures probabilities can be categorized as
follows:

1. Complete data on dependence are available. The complete data on depen-
dence (see, for example, Table 1.1) has been either obtained from
actual operating data or developed from structured expert judgment. In
this case, the MSF model requires no other input and the model will
provide the failure probabilities for various logic configurations.

2. Partial data on dependence are available. Partial data on dependence,
as defined earlier, are either available from actual operating data or
can be developed using structured expert judgment. The MSF model in
this case uses the available independent failure probabilities (p) to
develop the total number of opportunities.

3. Degree of dependence (k) is available. Because actual data on depen-
dence are lacking, structured expert judgments are used in this situa-
tion to develop the degree of dependence (k) among the tasks. In this
case, the MSF model uses the independent failure probability (p) and
the k developed from structured expert judgment to determine the multi-
ple sequential failure probabilities.

In evaluating multiple sequential failure probabilities for multi-unit sys-
tems, two situations arise:

Situation 1. The degrees of dependence between the tasks are similar
(i.e., in a 3-unit system where the human errors occurring in each of the
units are similar, the degree of dependence between units 1 and 2 is ex-
pected to be similar to that between units 2 and 3).

Situation 2. The degrees of dependence within a subset of tasks are dif-
ferent (i.e., in a two-train system each consisting of two redundant
components, the degree of dependence between the redundant components may
differ from that between the trains). In addition, the degree of

A-10



dependence between two redundant components can be different from one train
to another.

The types of inputs available in each of the two above situations can be
any of the three previously discussed categories or a combination of them.

In the following sections, for several typical scenarios, the steps in-
volved in using the MSF model are provided with example illustrations. According
to different dependence situations and the type of data inputs available, four
scenarios expected to be commonly encountered in quantifying human error depen-
dency in testing, maintenance, and calibrations are considered.

1. Dependencies between different units of a multi-unit system are similar
and the degree of dependence is estimated directly from structured ex-
pert judgments (see Section 3.1).

2. Dependencies between different units of a multi-unit system are similar
but partial data on dependency are available (see Section 3.2).

3. Dependencies between different units of a multi-unit system are similar
and complete data on dependency are available (see Section 3.3).

4. Dependencies within a subset of tasks are different and the degree of
dependence is estimated from structured expert judgment (see Section
3.4).

The computations used in the MSF model can be performed efficiently with
the FORTRAN computer code presented in Appendix C, and this code is appropriately
referred to in the task steps.

3.1 Dependencies Between Different Units Are Similar and the Degree of Depen-
dence (k) Is Estimated Directly from Structured Judgments

This situation applies if the analyst has no data on dependent failure;
however, the independent failure probability is available. Because of lack of
data, the degree of dependence is estimated on the basis of structured expert
judgment. The level of dependence derived on the basis of the subjective judg-
ment can be used at this level in the MSF model to obtain the dependent failure
probabilities. However, in the case of the MSF model, because the dependence is
assumed to be a continuum, no restriction exists on the level of dependence to be
estimated, as in the case of other model (e.g., NUREG/CR-1278, 1983).

3.1.1 Example Calculation

Consider the situation of estimating dependent failure probability based on
the possibility of repetitive human errors during containment pressure sensor
comparator calibration and test procedure. In this case, a set of four compara-
tors, all similar in appearance and function, are tested monthly, and the cali-
bration, test, and adjustment procedures for all comparators in the set are iden-
tical. It is likely that an incorrect action performed on one unit would be
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repeated on other units of the same type where a particular set of actions are
called for in the procedures. Therefore, the miscalibrations or damaging of all
four of the pressure comparators are dependent. Also, the system configuration
is such that failure of any two of the four pressure transducers will fail both
the trains in the system. In performing the probabilistic risk assessments, the
dependent failure probability for this situation needs to be determined in quan-
tifying the fault trees associated with the system for which the comparators are
a part. Consider also in this situation that no data on dependent failures are
available. Following the flow diagram in Figure A.1, we present a step-by-step
illustration of how to calculate the dependent failure probability using the mul-
tiple sequential failure model.

Step 1 - Determine Number of Dependent Actions Involved (r)

In this step we define the total number of dependent actions involved in
the task.. In our example problem, since the calibration is performed on a set of
four comparators, the total number of dependent actions is four, (i.e., r = 4).

Step 2 - Define System Success Configuration

Once the total number of dependent actions or units have been defined, the
system success configuration must be defined. This means that the system analyst
must understand how many of these actions will cause the system to fail. In our
example problem, failure in any two of the four pressure comparators will fail
the system. Thus, the system failure configuration is 2 out of 4, which informa-
tion can be transformed into success configuration, commonly known as the system
G-logic configuration

2:

G= r - F+ 1,

where,

F = the failure configuration,
r = the total number of units.

In the example, G = 4 - 2 + 1 = 3 (i.e., 3 out of 4:G logic system). This means
that the system is good if and only if the actions in 3 of the units are success-
ful. In many situations, a multi-unit redundant system is directly defined in
G-logic configuration, and one does not need to perform the transformation.

2 k out of n:G logic configuration signifies that the system of n components is

good if f at least k components are good.

A-12



Step 1

Determine no. of Dependent
Actions Involved

Step 2

Define the System
Success Configuration

Step 3 1

Obtain Independent
Failure Probability (p)

Step 4

I Obtain an Estimate of Degree
of Dependence (k)

Computer
Code to be Used

lfor Calpculpa-i

Copue edN

Yes

Step • Step 5a

Prepare Input for

S Select AppropriateEquation for Calculation

Step 6

Calculate Dependent Failure
Probability Using Equations

Prepare Input for
the MSF Computer Code

Step 6a

Exercise the
Computer Code

Step 7a
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Figure A-1 Flow diagram when p and k are known.
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Step 3 - Obtain Independent Failure Probability (p)

Independent failure probability (p) (i.e., the failure probability of
the action if it had been performed separately, under the same condition) is
assumed to be available. In the example problem, the independent failure
probability of miscalibrating a pressure comparator is assumed to be
1 x 10-2 (i.e., p = 1 x 10-2).

Step 4 - Obtain an Estimate of Degree of Dependence (k)

In this case, since no data are available on dependent failures, the de-
gree of dependence among the actions is to be based on structured expert judg-
ments. In the MSF model, the degree of dependence is assumed to be a continu-
um and an analyst can choose any value between its appropriate boundary of 0
and 1 based on the analysis. In our example problem, let us assume that k is
assigned a value of 0.1 for the situation described.

Step 5 - Selection of an Appropriate Equation for Calculation

With the information gathered in Steps 1 to 4, this step involves selec-
tion of the appropriate equation for the calculation of dependent failure
probability if it is decided not to use the MSF computer code. For this situ-
ation, the calculation is rather straightforward and can easily be performed
on a hand calculator.

For the example problem, the reliability configuration is. 3 out of 4:G
logic, and the corresponding dependent failure probability ( 3 P4 ) equation
given by the MSF model (see Table A-I) is

3P4 = (3-3p + p2 ) p _ 3p (1-p) 3 (1-k)

Step 5a - Prepare Input for MSF Computer Code

If the user decides to use the MSF computer code for performing the cal-
culation, the input to the code should be prepared at this point. Instruc-
tions for preparin.g the input to the MSF code are given in Appendix C.

Step 6 - Calculate Dependent Failure Probability

At this point, the equation for calculating dependent failure probabil-
ity has been determined and, also, the unknowns p and k are known. Accord-
ingly, the dependent failure probability can be calculated.

For the example problem, p = 1 x 10-2, k = 0.1, and

3 P4 = (3-3p + p2 ) p - 3p (1-p) 2 (1-k)
= 3.2 x 10-3

Thus, the probability that the operator will fail at least two of the four
pressure comparators during calibration and testing is 3.2 x 10-3.
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Table A-1 Multiple Failure Probabilities Due to Human Error for
Different G-logic Types of Systems.

Type of

G-Logic System System Failure Probability

1 out of 2 kp + p2 (1 -k)

1 out of 3 p - p(1 - p)(1 - k) - p(l - p)(1 - k)2 + p( - p) 2 (1 k

2 out of 3 p(2 - p) - 2p(l - p)2(1 - k)

3
I out of 4 r [1 - (1 - p)(l - k)i]

i=O

2 out of 4 p(2 - p) 2( - p) 2(1 - k) + p(I - p)(p 2 + p _2)(1 -_

+ 2p(1 - p) (1 k)3

3 out of 4 (3 - 3p + p 2 )p _ 3p(l - p) 3 (l - k)

Step 6a - Exercise the Computer Code

This step required the exercising of the computer code with
deck for the MSF computer code prepared in Task 5a.

the input

Step 7a - Results from the MSF Computer Code Output

Once the computer code has been successfully run, the output will pro-
vide the desired dependent failure probability. In the example problem, the
dependent failure probability generated by the computer code is
3.2 x 10-3.

3.2 Dependencies Between Different Units Are Similar and Partial Data on
Dependency Failures are Available

Reliability analysts often find that partial data on dependence are
available and it is to their advantage to use this information to obtain an
estimate of the dependent failure probability. In any quantification process
it is highly desirable to introduce as much realism as possible by use of ac-
tual data instead of subjective assumptions.

The partial data on dependence that are usually available, which can be
used by the MSF model, are the number of times each combination of failures is
observed without any information on total number of opportunities. That is,
for a three-unit system, the partial data necessary are the number of times
the human has made errors in one of the units, in two of the units, and in all
three of the units. From LER data bases or other test- and maintenance-rela-
ted records in nuclear power plants, this information can be gathered, whereas
the information on total number of opportunities is rather difficult to ob-
tain (see NUREG/CR-3519). The independent failure probability (p) for the
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actions involved can be obtained from the present human error rate (HER) being
used. The MSF model is capable of providing an estimate of the dependent
failure probability using the partial data on dependence and knowledge of the
independent failure probability. Figure A-2 provides the steps involved in
performing the calculation using the MSF model.

3.2.1 Example Calculation

Consider the situation in a two train containment spray injection system
(CSIS) where both CSIS pump flow recirculation valves are tested monthly.
These valves, which are normally closed, are opened for testing. There is a
possibility that owing to dependence of action following the test, both valves
may be left open. The system success requirement is 1 out of 2:G logic (i.e.,
at least one of the valves should be in its correct normal position for
successful operation of the system). For performing system unavailability
calculations, the probability of leaving both valves open must be calculated.
In this situation, partial data available to the analyst.

Step I - Determine the Number of Dependent Actions Involved

This step is similar to step 1 in Section 3.1. In the present example
problem, the number of actions involved is two (i.e., r = 2).

Step 2 - Determine the System Success Configuration

This step is similar to step 2 in Section 3.1. In the present example
problem, the system success configuration is I out of 2:G logic.

Step 3 - Collect Available Data on Dependence

In this situation, since partial data are available, these data are col-
lected and structured in a format that can be used by the MSF model.

The data should be structured in the following manner for an r-unit sys-
tem.

Number of Channels/Units
..... Affected Number of Times

1 x1
2 x2

r xr

where xi denotes the number of times i out of n units were in failed condi-
tion owing to operator action.

In the present example problem, the available data for the 2-unit system
are assumed to be the following: (x 1=95, x2 =11).
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Figure A-2 Steps involved when partial data are available and p is known.

Number of Channels/Unit
Affected

1
2

Number of Times

95
11
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Step 4 - Obtain Independent Failure Probability (p)

This step is similar to step 3 in Section 3.1 of this appendix. In the
present example problem, the independent failure probability of leaving the
CSIS pump open following the test is ix10- 2 (p=10- 2 ).

Step 5 - Calculate Total Number of Opportunities (N)

On the basis of the independent failure probability (p), the partial
data will be complimented by calculating the total number of opportunities.
Let xo be the number of times the operator performs all the actions cor-
rectly. Then the total number of opportunities (N) is given by

r
N= xo + Z Xr

i~l

where the second term is obtained from the previous steps and xo is obtained
from the equation

xo
(1-p)r =

r
xo + •xi

i=1

In the present example problem,

r 2, p = 10-2, xI 95, x2 = 11,

xo= (95 + 11) (0.99)2 = 5270,

[1 - (0.99)2]
and N = 5376.

Step 6 - Prepare Input for the MSF Computer Code

The input to the MSF Computer code can now be prepared with the informa-
tion gathered in the five preceding steps. Appendix C provides instructions
for preparing the input for MSF code and it consists of two input cards.

Step 7 - Exercise the MSF Computer Code

The step involves running the computer code with the input deck prepared.

Step 8 - Obtain Results from the MSF Output

The computer code performs all the computations necessary for obtaining
the dependent failure probability. It computes the degree of dependence (k)
from the data and provides results for different system success configura-
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tions. The analyst will choose the appropriate result corresponding to the
system success configuration defined in step 2. For the example problem, the
dependent failure probability for both valves is 2.1 x 10-3, i.e.,

1P2 = 2.1 x 10-3

3.3 Dependencies Between Different Units Are Similar and Complete Data on
Dependent Failures are Available

This is the ideal situation for calculating the dependent failure proba-
bility when the data requirement of the model is completely satisfied and the
analyst does not require any subjective assumption. At the present time, how-
ever, actual data to this level are not available. Nevertheless, structured
expert judgment, opinion can be introduced. If survey or interviews are
conducted with the personnel responsible for carrying out the tasks, the
responses will also be obtained in terms of complete dependent failure data,
which in turn will be used by the MSF model to derive the dependent failure
probability desired.

The complete data to be collected include the total number of opportu-
nities and the number of times each combination of the units were affected by
the operator. In this case, all the necessary computations will be conducted
by the MSF computer code to provide the dependent failure probability. Figure
A-3 provides the steps involved in performing the calculations in these sce-
narios.

Step 1 - Determine the Number of Dependent Actions Involved

This step is similar to step 1 in Sections 3.1 and 3.2 of this appendix.

Step 2 - Define System Success Configuration

This step is similar to step 2 in Sections 3.1 and 3.2 of this appendix.

Step 3 - Collect Available Data

In this step the data should be structured in a manner usable by the MSF
model. This is similar to step 3 in Section 3.2 of this appendix except that
additional data are required on total number of opportunities.

Number of Channels/Units
Affected Number of Times

1 Xl
2 x2

r xr
Total number of opportunities Xo
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Figure A-3 Task flow diagram when complete data are available.

Data. of this type can be gathered through similation or searching of
actual test, maintenance, and calibration records. When actual data are not
available, and structured judgment opinion, interview of personnel involved in
the action, or the judgment of a reliability analyst is to be used, this would
be the appropriate level. That is, individuals will be more comfortable and
probably more accurate in evaluating the dependency situation in terms of this
data of this type.

Step 4 - Prepare Input for MSF Computer Code

This is similar
preparation of input
MSF Code consists of

to step 6 in Section 3.2 of this appendix. Direction for
deck is provided in Appendix C. The input deck for the
two records.

Step 5 - Exercise the Computer Code

The MSF Computer Code shaHl now be exercised with the input deck pre-
pared. The computer code will perform all the calculations necessary and
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provide the dependent failure probability for possible reliability
configuration of the system being considered.

Step 6 - Obtain Results from MSF Output

The appropriate dependent failure probability for the system success
configuration defined in step 2 can be obtained directly from the MSF computer
output.

3.4 Dependencies Are Different Within Subset of Tasks and the Degree of
Dependencies Are Directly Estimated from Structured Expert Judgment

In many situations, the dependent failure situation does not directly
reveal itself as a clear-cut failure/success configuration. However, such
situations can always be divided into subsets of tasks, which in return pos-
sess clear-cut failure/success configurations. If the system fault trees of
which the dependent failures arepart are developed in sufficient detail, the
dependent failures will be clear-cut failure/success configurations. Other-
wise, the user shall split the overall dependent condition into subset of
tasks. Usually, the degree of dependence within the subset of tasks is expec-
ted to be different from that among the subtasks. In such situations, the
analyst will have to proceed by defining the overall tasks into a subset of
tasks and the calculation will proceed in steps using the MSF model as out-
lined in the following. This is described in a stepwise manner in Figure 3.4.

Illustration:

Consider the situation where the dependent failure probability of
leaving each of three pairs of auxiliary feedwater system pump discharge
valves closed following monthly tests is to be determined. The proba-
bility of leaving the valve closed following test is 10-2 and a strong
dependence is expected for each pair of valves. Also, since the three
pump tests are performed sequentially as part of the same general pro-
cedure, the three faults are coupled to some extent.

Step 1 - Define Logic Configuration of the Overall Dependent Failure

The overall dependent failure logic configuration shall be defined in
terms of subset of tasks consisting of dependent failures. This can be ex-
plained through an example. It is similar to performing a very simple fault
tree analysis of the dependent failure. For the example problem, the depen-
dent failure situation is the failure to leave each of three pairs of valves
open following test. The logic configuration is depicted in the diagram be-
iow:

Step 2 - Define Subtasks with Dependency Within It

Once the overall logic configuration of dependent failures is defined,
the subtasks will reveal themselves. These subtasks are themselves dependent
failures that need quantification for determination of the overall dependent
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Figure A-4 Flow diagram when k is different within subset of tasks.
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failure probability. In. the example problem, the subtasks are the failures to
leave open a pair of valves. In this particular case all three subtasks are
equal and the dependent failure probability of each will be the same.

Step 3 - Calculate the Dependent Failure Probability of Subtasks

The calculation of dependent failure probability of each of the subtasks
can be performed using the MSF model following procedures defined in Section
3.1, 3.2, or 3.3 of this appendix depending on the type of data available.
For this example problem, since all three subtasks are the same, the
calculation needs to be performed only once. Let us also assume that no data
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are available, and the analyst will perform the calculation using his
knowledge of independent failure probability (p) and an estimate of the degree
of dependence (k) from structured judgments. Accordingly, procedures defined
in Section 3.1 of this appendix will be followed. For the subtasks p=10- 2 ,
and let us assume that k is estimated to be 0.9. This is a 2-unit system with
1 out of 2:G logic and the dependent failure probability is

= kp + p 2 (1-k.)
= 8.02 x 10-3

Step 4 - Calculate the Dependent Failure Probability of the Overall Task

Once the dependent failure probability of each of the subtasks has been
calculated, the overall dependent failure probability shall be calculated
using the MSF model considering each of the subtasks as the basic task. This
can be performed following either of the procedures described in Section 3.1,
3.2, or 3.3 of this appendix. In the example problem, the system success
configuration is 1 out of 3:G logic. The independent failure probability is
8.02x10- 3 , as calculated in the previous step, and let us assume that k is
estimated to be 0.2. The dependent failure probability using the procedures
in Section 3.1 of this appendix is

21P 3 = X [l-(l-p) (l-k)i]

i=o

= p [1-(l-p) (1-k)] xi- (1-p) (1-k)2]
-- 6.1 X 10-4
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APPENDIX B

ERROR DEPENDENCE IN REPETITION OF TASKS WITHOUT FEEDBACK 1

H. William Morrison 2

Department of Psychology
State University of New York at Stony Brook

1.0 INTRODUCTION

Applied studies of performance errors have apparently focussed more on
gross error rates or error/productivity tradeoffs than on dependence among
errors. However, dependence among human errors could increase the probability
of simultaneous failure in redundant subsystems intended to produce a practi-
cally fail-safe system (NUREG/CR-2211, 1981; NUREG/CR-1278, 1983). To the
extent that errors in human performance contribute to dependent failures in
parallel components or channels, redundancy's purpose is defeated. Dependence
may not be of much practical concern if errors are immediately detected and
corrected, are routinely handled through quality control or quality assurance
procedures, are almost certainly discovered in time to forestall serious conse-
quences, allow recovery after halting a malfunctioning process, and/or produce
failures which can be tolerated. However, human errors in test, calibration,
and maintenance tasks may not generate immediate feedback, may not be readily
subject to inspection or testing, and may only be detectable by repeating the
entire procedure (with its own risk of error). System failures which resulted
from such dependent errors might be difficult to tolerate or terminate grace-
fully in the operation of nuclear power plants, processing of hazardous
substances, space missions, and military systems.

The psychological literature suggests that feedback (or knowledge of
results, or reinforcement) is crucial in shaping an individual's performance,
and without feedback any error might be perpetuated indefinitely, representing
total dependence (except for some form of random fluctuation). However, just
as errors can suddenly appear, it is possible to imagine either apparently
spontaneous recovery, or recovery attributable to external events. Failures
of specific perceptual-cognitive-motor processes or "programs" and eventual
recovery from failure might account for dependence of errors. Alternatively,
variation in general psychophysiological state could produce variation in rate
of (independent) errors, producing statistical dependence, or variation in
environmental conditions affecting performance could produce the same result.
This view disagrees with Swain & Guttmann's discussion (NUREG/CR-1278, 1983,

1. This research was carried out under Contract No. 122691-S with Brookhaven
National Laboratory/Associated Universities, Inc.
2. Thomas Maloney and Evan Chua-Yap assisted in data collection. I appreci-
ate the assistance of John O'Brien, Contract Liaison Officer, Robert E. Hall,
and Xenia Coulter in various phases of the study. I am grateful to P. K.
Samanta for computations using his moment estimation procedure and to John
Richters and William Persons for analysis of variance computations. Richard
Reeder's technical advice and support were invaluable.
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p. 10-3) of indirect dependence. They do not consider changes in error rates
of independent events as a source of dependence. But both research and appli-
cation involve domains extending over time and changing values of other vari-
ables, and even if such domains could be partitioned into locally independent
regions, events may be statistically dependent over the domain as a whole. 3

Thus, consideration of dependence requires care in defining the domain and
selecting the level of analysis appropriate for a given application. The
present study attempts to address the question of dependence of errors in an
individual's performance of a task, without attempting to distinguish between
possible sources of error dependence. Finally, errors could be negatively
dependent with the probability of success increased following error, possibly
even without recognition of an error's occurrence.

Even if all other performance factors were held constant, an inescapable
characteristic of the repeated performances necessary for occurrence of depen-
dent errors is the temporal sequence and spacing of trials. Classical con-
cepts to account for changes in performance over time in addition to learning
include fatigue or inhibition, where the probability of failure increases with
continuous practiceeven without previous errors, and processes associated
with the beginning and anticipated end of a series of trials, such as "warm
up" effects or an "end spurt." Such effects of scheduling must be considered
as another possible explanation for systematic change in errors, in addition
to their dependence.

1.1 Models

Most if not all mathematical models of learning in an extensive research
literature include conditional probability terms representing dependence of
errors. These models have generally been applied to performance during the
learning process, for simple tasks with feedback, and where error rates are
not low. By contrast the present study is concerned with asymptotic perfor-
mance, relatively low error rates, complex tasks without explicit feedback but

3. For example, one local region could have p(a) = p(b) = x with probability
of joint occurence p(ab) = x2 , while in a different region p(A) = p(B) = cx
(c#1) with probability of joint occurence p(AB) = c2 x 2 , so that within each
region the events are independent. In sampling joint events equally often
from within e-ch region we would have p(a v A) = p(b v B) = (x+cx)/2 and p(ab
v AB) =7 2 4cx cZ2)12, produ cipg dependence because the latter is not the same
as p(a v A)p(b v B) = (x+cx) /4. This problem of heterogeneous domains recurs
under various labels in statistical analysis, but requires attention here
because decisions must be made about combining data from distinguishable sub-
domains, such as different people and/or tasks, which could produce apparent
dependence between errors even if within each sub-domain they were indepen-
dent. The present study, concerned with dependence in an individual's
performances of a task, nevertheless analyzed data pooled over individuals
and/or tasks because of statistical considerations (and with a recognized risk
of finding spurious dependence). From the point of view of another domain,
such pooled data would be entirely appropriate for assessing dependence at
that level of analysis.
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where recognized errors can be corrected, and under conditions simulating some
features of actual work places.

The Multiple Sequential Failure model proposed by Samanta & Mitra
(NUREG/CR-2211, 1981) for error dependence (including performance of test,
calibration, and maintenance tasks) is a simple (n+l)-state Markov process.
The state i (i=O,1,...,n) represents the number of successive previous errors.
The model has two parameters, the base error rate p (termed the "independent
failure probability" by Samanta & Mitra, and the "basic human error probabil-
ity" in NUREG/CR-1278, 1983) and the dependence factor k (with the values of
both parameters in the interval zero to one). For the case where all tasks
are the same the model proposes that the probability of the i-th error and
transition to state i, given that i-I successive errors have just .occurred, is

p if the current state i-1 = 0
1) Pi =

Pi-1 + k(1 - Pi-l) if the current state i-I • 0

while the probability of no error and transition to state 0 is (1 - Pi). The
various transition (and error) probabilities are obtained by repeated applica-
tion of Equation 1. The observed gross error rate P (total number of errors
divided by number of trials) depends on all these transition probabilities and
in particular is not an estimate of the base error rate p unless k=O. Note-
worthy qualitative features of Samanta & Mitra's model are: independence of
path with state determined only by the number of immediately preceding succes-
sive errors; provision for positive dependence only; a negatively accelerated
increase in error rate with successive errors; and an increase in error rate
following error(s) inversely related to p, but as a practical matter with
overwhelming determination of repeated errors by the parameter k when values
of p are close to zero. This model has the flavor of a learning model where
error increasingly occurs with practice.

Alternatively, the increase in error rate with successive errors might

be (initially) linear, with

2) Pi = Pi-1 + min(k , 1 -P-il) if the current state i-I ý 0

or (initially) positively accelerated, e.g., with

3) Pi = Pi-1 + min(kpi-1 , 1-Pi-l) if the current state i-I ý 0

or sigmoidal. Although the same symbol k has been used to represent a depen-
dence parameter in the different models, the role and value of k depends on
the model, and in Equation 3 the parameter k could have values greater than
one. Also, other functions could be chosen for Equations I and 3 to produce
the same qualitative results, i.e., negatively or positively accelerated rates
of increase with successive errors.

By comparison the model represented by Swain & Guttmann's (NUREG/CR-
1278, 1983) procedure, leaving aside their pragmatic choice of values for k,
is a two-state Markov model. Denoting the number of immediately preceding
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successive errors on identical tasks by i-1, as above, the probability of the
i-th successive error can be written

p if the current state i-I 0
4) Pi =

p + k(l - p) if the current state i-I 1 0

while the probability of no error and transition to state 0 is again (1 - Pi).
In this model P2 = P3 = --- = Pn and the indistingui.shable non-zero states can
be collapsed, producing a two-state model. Noteworthy features of this model
are: stronger independence of path than Samanta & Mitra's model, with state
determined only by presence or absence of an immediately preceding error;
provision for positive dependence only; a constant rate of successive errors
beginning with the second error; and an increase in error rate following the
first error inversely related to p, but again with overwhelming determination
of repeated errors by the parameter k when values of p are close to zero. The
arbitrary choice of 0, .05, .143, .50, and 1 as values of k for applicaton of
thi's model is separable from the question of the form of dependence.

All these models permit independence with k=O, which could be rejected
if PI ý P2. But for a given task an of the models above could fit an esti-
mated values of pl and P2 (with plTj'p 2 ) equally well. Only fitting the val-
uesof P3 or later pis would challenge a given model or discriminate between
alternative models. Conversely, the models' implications for multiple fail-
ures. differ only when more than two successive errors are involved. In extra-
polations from given values of p, and P2, the models' predicted probabilities
of subsequent successive errors, P3, P4, etc., will be ordered from lowest to
highest as follows: two-state model (Equation 4), negatively accelerated model
(e.g., Equation 1), linear model (Equation 2), and positively accelerated
model (e.g., Equation 3), unless the pis reach 1.0 or some other limiting
value. For given values of Pi on non-successive trials, interpolated pis
predicted by the various models would have this ordering reversed.

Such models might be fruitfully applied because, if valid, they simplify
the problem of predicting rate of multiple performance errnrs by requiring
estimates of only two parameters. However, just as the base error rate p will
certainly vary over individuals and tasks, the dependence represented by k
might also vary and have to be estimated separately for different individuals,
tasks, and/or situations. Alternatively, the form of dependence might be
described better by some different model, and the form of dependence itself
could vary from situation to sit".•tion. But even a model demonstrably wrong
in some details might serve a pragmatic or heuristic purpose in improving
estimates of error dependence, leading to more accurate assessment of risk. 4

4. The practical consequences of assuming the wrong model would not only
depend on system design and level of dependence, but also on any systematic
errors of estimation which resulted from fitting data to the wrong model , as
well as on the validity and reliability of data used to estimate k. Sensi-
tivity analyses to determine the effect of varying assumptions on calculated
risk of simultaneous failure (NUREG/CR-2211, 1981; NUREG/CR-1278, 1983) could
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Even though such models might apply to inter- as well as intra-task
dependence (NUREG/CR-2211, 1981; NUREG/CR-1278, 1983), here we consider only
dependence within repeated performance of the same task.

1.2 Empirical Research

The purpose of the present study was to collect systematic human perfor-
mance data to evaluate Samanta & Mitra's model in Equation 1, and, assuming
the validity of the model, to examine variation in k over individuals and
tasks. Previous studies of this model (NUREG/CR-2211, 1981; Schurman & Haw-
ley, 1982) only estimated its parameters without attempting to test goodness-
of-fit. Both studies pooled results over individuals, and the second pooled
results over tasks as well. As Samanta & Mitra recognized, their data from
Licensee Event Reports represented self-detected and corrected errors and were
subject to bias, one extreme observation was excluded from the analysis, and
the analysis depended on a derived estimate of the frequency of errorless
sequences assuming that p=.O1. Their estimates for k ranged from .199 to
.403, depending on whether they considered two, three, or four trials (all
based on the same data set).

Only Schurman & Hawley's results in the upper half of their Table 1
(1982, p. 13), for Army motor pool mechanics' uncorrected errors in repeti-
tions of the same task are pertinent here, since their other analyses con-
cerned dependence between different stages of tasks, and self-detected and
corrected errors. The authors pointed out that inclusion of errors from
"trial-and-error sequences" is debatable, and their discussion suggests that
the "repeated" tasks sometimes actually represented different problems (pp. 8-
9). Apparently without the "trial-and-error" errors there would have been too
few multiple errors to analyze. They estimated parameters for tasks performed
twice (p=.333 and k=.667) and for tasks performed four times (without finding
a solution, but assigning a default value of k=1.0). For both double and
quadruple trials the frequency distributions of error counts were U-shaped,
which could be attributed to the heterogeneity of individuals and/or tasks
(with varying values of p and/or k) included in the analysis.

1.3 Levels of Analysis and Types of Errors

Behavioral accomplishment can be considered at any level from micro-
scopic intra-organismic events to the molecular, such as pushing a button, to
the molar, such as executing a complex sequence of actions. Different forms
of dependence might apply to different levels of behavior in tasks, or as
Swain & Guttmann point out (NUREG/CR-1278, 1983) to different kinds of errors
in their execution. The level was selected here to correspond to the intended
application, and performance was scored either as completely correct or

(cont.)
be extended and refined to take into account possible alternate forms of
dependence, errors in estimating k from fitting the wrong model, and
unreliability of the data upon which estimates are based.
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containing error(s) without attempting to classify or relate various types of
subordinate errors.

1.4 Present Approach

Presentation of actual physical tasks and recording of performance
errors made by trained technicians were beyond the scope of the present study.
The study utilized schematic task layouts presented by video display, with
responses using a joystick and trigger which controlled a cursor, intended to
resemble tasks performed by remote control with a video monitor. Three experi-
mental tasks were designed as analogues of testing, maintenance, and/or cali-
bration tasks in nuclear power plants, and were accepted for this purpose by
Brookhaven National Laboratory.

Work characteristics to be simulated in the experiment were: routine,
repetitive performance; intermittent scheduling interspersed with other tasks;
well-practiced, subjects with relatively low error rates (intended to be less
than 10%); no direct feedback on errors and no direct supervision of work; con-
tinuous availability of written prpcedures for each task; and the option of
restarting a task without penalty.

Each task was presented in blocks of three successive trials, both to
maximize presumed dependence, and to collect as much data as possible in each
session. In addition, an "artificial" Composite Task (of which subjects were
unaware) was defined by joint outcomes of the three different tasks within a
three-task cycle, with error on the composite task defined as an error on any
of the three different tasks in corresponding positions within their blocks.

2.0 METHOD

Five subjects repeatedly performed three tasks in sessions usually
lasting about four hours, over a period of one month.

2.1 Subjects

Eight male Stony Brook students were recruited by a campus newspaper
advertisement. Scheduling problems severely constrained selection of sub-
jects. One subject was subsequently dismissed because of high error rates,
and two subjects had to withdraw (because of an automobile accident and

5. Recognized differences from actual tasks include: shorter durations of
interpolated tasks and a smaller repertoire of tasks; no check-off of task
steps, except for signifying task completion; differences in motivation both
in terms of the "demand character" of an experiment, and absence of potential
serious consequences of errors; performance under conditions not considered
hazardous; work perspective of a temporary rather than a permanent employee;
possibly more concentrated activity without interruption or change in physical
location, and without pay for "breaks;" and the recognition that performance
records were being kept. Furthermore student subjects and technicians
represent populations different in many obvious respects.
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because of eyestrain). The five remaining undergraduate students were 19, 22,
23, 26, and 33 years of age; were majoring in Physics, Psychology (3), and
Religious Studies; reported cumulative Stony Brook GPAs of 3.1-3.7 (for the
three reporting), SAT verbal scores of 490-670 (for the four reporting), and
SAT quantitative scores of 610-760 (for the four reporting).

2.2 Tasks

Three analogues of test, calibration, and/or maintenance tasks were
presented by an IBM PC computer with color graphics board and Zenith or NEC
monochromatic (green on black) 12" monitor; responses utilized a Hayes Mach
III joystick with button trigger. Schematic task displays were presented in
character mode on the 25x40 character screen. Each subject adjusted screen
intensity to suit himself. The Advanced Basic interactive program which
controlled the administration of tasks was executed interpretively, producing
a sluggish cursor response to joystick actions. Correct performance required
a prescribed sequence of actions or responses (some contingent on varying
displayed conditions), using the joystick to control movement of the blinking
cursor to response locations represented by reverse image figures, and
pressing the joystick trigger once to "highlight" the cursor location until
the trigger was released. Where different functions were prescribed for the
same location (e.g., opening or closing a valve), different responses were not
required (or permitted). A lit indicator was represented in the display by a
"highlighted" reverse image symbol.

The Attachment presents procedures, photographs of displays, and
supplementary descriptions for the three tasks: Task 1, "Valve Isolation and
Check," required at least 30 actions for correct completion (not counting
"end" which signified task completion); Task 2, "Wiring and Metering,"
required at least 38 actions; and Task 3; "Logic Sequence Tests," required at
least 32 actions. Free options within correct performance of a task were:
delay in responding, duration of trigger 'press (restricted in some cases),
restarting a task from the beginning, pausing to review the instructions and
subsequently resuming or restarting the task, moving the cursor without
pressing the trigger, or pressing the trigger when the cursor was on a blank
screen position (restricted in Task 2). Pressing the trigger with the cursor
marking a no'n-response figure was counted an error, "damaging equipment."

During data collection any other actions were accepted and responded to
by the program, and counted an error, without any indication of error to the
subject. Possible exceptions where implicit feedback may have been recognized
were: in Task 1 if the subject ended the task (instead of opening or closing
the cover) after completing the first or second phase of the task; in Task 2
if the wiring area (including the terminals to which connections were made)
was cleared prematurely; in Task 1 or 2 if a meter or indicator required
action and the subject realized he had not been monitoring its value; and in
Task 3 if the subject (mistakenly) planned to respond in a block where neither
indicator was lit. Only the first of these did not offer the remedy of
,restarting the task if necessary to correct the error.
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2.3 Instructions and Setting

Subjects were told that the study concerned repeated performance of
tasks, that reducing or eliminating errors was of primary importance, but that
they should increase productivity to the extent possible without increasing
errors. The task procedures (included in the Attachment) were always avail-
able and subjects were told that they could use or refer to them at any time,
but not to make or work from other notes. Apparently subjects seldom referred
to the procedures during data collection. They were encouraged to restart a
task (without its counting as an error and with no effect on their pay or
performance record except for "lowered productivity") if they had made an
error or were confused. Participation was described as a part-time temporary
job, with pay increasing from $3.35/hr. by approximately $.20/hr. with each
succeeding session.

To the extent possible two subjects were scheduled together for each
four hourperiod, and worked in the same room at desks separated by a partial
partition. An experimenter began each session, but usually left the room
du.ring the session although he was "on call" in case of difficulties. Sub-
jects could cancel or reschedule sessions by prior arrangement, and could
terminate a session early, but were not permitted to schedule more than one
session per day.

Subjects were toldthey could converse as long as it did not interfere
with their work, but were asked not to discuss the tasks and not to eat,
drink, smoke, or use audio equipment in the room. Before another trial on the
same task subjects could review the procedure before continuing (as they could
during a task), but during the inter-task interval subjects sometimes paused
to "stretch" whether or not they indicated that they.were reviewing. Between
presentations of different tasks subjects could take a "break" (the only time
they were-supposed to leave the room, and the only time for which they were
not paid) or terminate the session, but occasional periods of inactivity
without indicating a break were recorded.

Although an experimenter was not present to monitor their work, it was
obvious to subjects that the computer could and did record performance data.
Those subjects who completed the experiment appeared to be conscientious in
their work. They seemed to consider the experiment and working conditions a
temporary part-time job. They reported informally that serving in the experi-
ment was the most boring work they ever did, with several complaining that the
tasks did not permit them to move around and several complaints about having
to attend continuously during the tasks, as well as a complaint about eye-
strafn from one subject who completed the experiment.

2.4 Training and Feedback

During initial training the computer did not act on an erroneous reponse
except to highlight the cursor position and to provide a feedback message at
the bottom of the screen; the subject could not proceed before he performed
the correct action (except for feedback on errors in duration of trigger
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press, which. subjects were not.required, to correct orrepeat). 6 When error
rates failed to decrease satisfactorily during training, subjects were told to
"shape up on errors" and "also productivity, to the extent possible." The
final stage of training omitted feedback during a trial, and only after
completing each task were subjects informed what their first error had been.
After an initial orientation subjects completed eight or nine training
sessions prior to. data collection, except for one late.recruit who had six
sessions. During data collection subjects received no information on
performance errors.

2.5 Schedule

A block of three.repetitions of a task was presented before the next
task was randomly selected, subject to the restrictions that the same task was
not presented in successive blocks (within or between sessions) and that
within successive three-block cycles each task was presented once.

If a subject had not already chosen to end the session, the control
pro-gram terminated the session when there was apparently not enough time
remaining to complete another block within the allotted time. Useable data
from eight to eleven sessions were collected for each subject. Data from two
subject-sessions were discarded because of incorrect calibration of the
joystick.

2.6 Scoring

Performance of a task was scored correct only if all prescribed actions
were performed with no errors of omission, commission, sequence, or response
duration. The Composite Task was scored correct only if (within a cycle of
three blocks) the three different tasks in corresponding block positions were
all performed correctly.

3.0 RESULTS

In addition to formal quantitative analyses, enough details are included
to provide some sense of the data, which should help avoid a too abstract view
of.results. Particularly in attempts to test. goodness-of-fit, confidence in
the results would have benefitted from more observations.

3.1 Stability Over Sessions

Table B.1 reports the gross error rate and mean time on task for all
completed tasks (for final performance on each trial, ignoring review time and
performance cancelled by a restart) for successive sessions, for each subject
and task during data collection when feedback was omitted. These results
describe general subject and task performance characteristics (including any

6. This training also provided a partial check of the control program's
agreement with the instructions, although the entire program was not exercised
in this phase.
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effects of dependence), and can be examined for trends which would contradict
the assumption of stable performance over the period of data collection.
Consistent trends over sessions do not appear in either error rate or time.
The high gross error rates for Subject 5 suggest that his results should be
treated separately in analyses of data pooled over subjects.

3.2 Stability Within Sessions

ErrQr probabilities might have depended on whether a block occurred
first, midway, or last in a session, and/or on a trial's position as first,
second, or third in a block, possibly confounding subsequent estimates of
dependence. The error rate was calculated for trials in each of these posi-
tions, omitting trials from the calculation if an error occurred on the pre-
vious presentation of the same task in that session. 7 According to the
models' independence of path assumptions, omitting these trials excludes
effects of dependence from the results. Substantial differences in estimates
of p appeared for first, second, and third trials within a block, with
(unweighted) means (over subjects, tasks, and block's position in session) of
.087, .097, and .164, respectiveTy, suggesting a "third trial" or "end effect"
within blocks, possibly from fatigue or motivational factors.

Repeated measures analyses of variance of the unweighted proportions
were performed on the factorial layout of 3 tasks x 3 block positions in
session x 3 trial positions in block, both for estimates of p and log
(p + .01), for Subjects 1-5 and for Subjects 1-4. In all four analyses the
differences between tasks were significant (in one case near significant after
adjustment for departure from statistical assumptions). For the logged data
of all five subjects the differences between trial positions were significant
with F(2,8)=4.97, and marginally significant around the .10. level in the other
three analyses. Of all the other tests only two, of different interactions in
different analyses, approached significance (.10).

Whether or not the trial position differences were significant, the
presence of such position effects could, compared with the presumed effects of
dependence alone, inflate the frequencies of the within-block error sequences
001 (i.e., correct-correct-error, one of the three single error sequences),
011 and 101 (two of the three double error sequences), and 111 (the only
triple error sequence) and thus inflate within-block estimates of P2 relative
to Pl, and particularly P3 relative to P, and P2. The (weighted) proportion
of errors in each block position, for each subject and task including the
Composite Task, are reported in Table B.6 in the Attachment, for possible use
in interpreting subsequent estimates of parameters.

3.3 Direct Estimation of pis

The clearest overview of dependence is provided by direct estimates of
the conditional probabilities of error, p(1/0)=Pl, p(1/01)=P2, p(1/O11)=P3,

7. Seven trials from incomplete blocks at the ends of sessions were also
omitted from these and subsequent analyses.
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Table B.1 Stability Over Sessions of Proportion of Errors (P) and
Mean Time on Task in Minutes (T) For Final Task Performance

Sub- Task Session
ject 1 2 3 4 5 6 7 8 9 10 11

1 P 0.0 0.0 0.0 .11 0.0 0.0 0.0 .11 .11
T 3.84 3.92 3.47 3.65 3.60 3.71 3.75 3.54 4.02

2 P 0.0 .11 0.0 0.0 0.0 0.0 0.0 0.0 .11
T 6.19 5.99 5.83 5.70 5.97 5.37 5.61 5.01 5.77

3 P .11 0.0 .10 .33 0.0 0.0 0.0 0.0 0.0
T 6.84 7.08 6.65 7.13 6.76 6.53 6.68 7.00 7.20

2 1 P 0.0 0.0 0.0 .11 0.0 0.0 0.0 0.0
T 3.41 3.36 3.33 3.64 3.32 3.17 3.11 2.91

2 P .11 0.0 .17 .11 .10 0.0 .11 0.0
T 5.02 4.83 5.55 4.94 4.31 4.60 4.71 4.36

3 P 0.0 .22 0.0 .22 .33 .17 0.0 .33
T 6.18 6.25 6.41 6.70 6.18 6.11 5.90 6.25

3 1 P .11 0.0 0.0 0.0 0.0 0.0 0.0 0.0 .11 .22 0.0
T 4.21 4.02 4.59 4.15 3.98 3.80 4.27 3.39 3.82 3.86 3.97

2 P 0.0 0.0 0.0 0.0 0.0 .11 .11 0.0 .11 .22 0.0
T 6.28 6.10 7.46 5.91 5.49 6.08 6.58 6.42 6.45 7.08 7.09

3 P .11 .11 0.0 0.0 .11 .11 .17 .11 .11 .11 .11
T 6.94 6.18 7.53 6.26 6.05 6.60 6.99 7.04 7.15 6.85 7.12

4 1 P 0.0 0.0 0.0 0.0 0.0 .33 0.0 .33 0.0 0.0
T 3.90 3.59 3.54 4.42 4.03 4.22 3.55 4.00 4.21 3.99

2 P 1.00 .33 0.0 .17 0.0 .22 0.0 0.0 .22 0.0
T 7.72 9.67 7.39 7.78 6.91 7.36 7.35 6.05 5.64 7.37

3 P .33 0.0 .08 .17 .11 .56 .33 .33 .17 1.00
T 7.84 8.72 7.54 8.67 8.62 8.64 6.88 9.33 7.05 5.74

5 1 P .11 .22 .17 .22 0.0 .50 .33 .33 .22
T 4.19 4.20 4.12 3.54 3.51 3.75 4.72 4.49 4.05

2 P .11 .33 .67 .27 .33 .33 .22 .89 .33
T 6.66 5.48 8.12 5.53 5.40 6.01 6.32 4.97 4.74

3 P .33 .27 .67 .44 .30 .33 .44 .17 .22
T 6.56 6.88 7.27 6.80 5.73 7.18 6.80 8.15 6.85
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etc., from the entire sequence of responses within a session for each task,
temporarily setting aside concerns about stability of error rates Within
blocks, uncertain dependence between blocks, and dependence between over-
lapping sequences. These analyses are based on the trial outcomes reported in
the attached Table B.7 (which permits alternative analyses or computation of
supplementary statistics for the error sequences). For this analysis it was
again assumed that before a session's first presentation of each task the
subject was in the models' state 0,8 and following correct performance was in
state 0.

All subjects had positive values of pl for the three individual tasks
and the Composite Task. However, because no successive errors occurred in
their data, the estimated value of P2 was zero for Subjects 1-4 on Task 1,
Subjects 1-3 on Task 2, and Subject 3 on Task 3, and P3 could not be estimated
since its condition was never~met. If these results suggest anything, consid-
ering the small number of opportunities for successive errors with base error
rates of .015-.094, then they might suggest negative dependence. 9 Further-
more,-there were no occurrences of three successive errors in-the data for
Subjects 1-5 on Task 1, Subjects 1-3 on Tasks 2 and 3, or for Subject 3 on the
Composite Task.

Estimated values of conditional probabilities for the cases With P2>0
are shown in-Figure B.I. For Subject 3 on the Composite Task (denoted S3-CT)
and $5-T3 and S5-CT, p? is no greater than pl, contrary to expected effects of
positive dependence. Rowever, the. relative estimates of Pl and P2 do suggest
dependence for the remaining nine cases, as do estimates of subsequent
probabilities for S5-CT. 1 0

In six of these cases (with pl estimates of .054-.192) the estimate of
P3 is based on only one or two observations, too few to compare relative fit
of the alternate models (for SI-T3, S1-CT, $2-T3, S2-CT, $4-T2, and S5-TI).

8. Except for Subject 5 in no case was an error on the last performance of a
task followed by an error on its first presentation in the next sessio-n.
9. Denoting the number of errors E and the number of correct performances C,
the probability of no successive errors assuming independence can be expressed
in terms of permutations as CPE-1/C+EPE-1. This-probability was .441 for
Subject 3 on Task 3 and .683 for Subject 4 on Task 1, and above .8 for the
remaining*subject-task combinations with no successive errors.
10. Each model predicts a specified linear, regression of P2 on Pl for a given
value of k. These lines fall on the diagonal of the plot of p, and P2 when
k=O, and otherwise above the diagonal, with the line passing through ý0,0) for
Equation 3, through (1,1) for Equations 1 and 4, and parallel to the diagonal
for Equation 2. In the scatterplot of estimated values of Pl and P2, nine of
the ten plvalues below .10 have P2=0, below the diagonal, balanced by the
points with Pl -greater than .10 which mostly fall above the diagonal. Instead
of attempting to test the hypothesis of k=O for the entire set of observa-
tions, probably based on the assumption of a common regression line for all
cases, such tests with fitted individual and task parameters are reported in
section 3.8 below.
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For the three remaining cases (with estimated pl values of .219-.315) with
estimates of P3 based on four or five observations, the patterns of Pl, P2,
and P3 estimates suggest agreement with a negatively accelerated model (e.g.,
Samanta & Mitra's model in Equation 1) for S5-T2, the linear model (Equation
2) •Jr S4-CT, and a positively accelerated model (e.g., Equation 3) for S4-
T3.

The Figure also reveals long runs of errors for S4-T2, $4-T3 (and as a
direct result for S4-CT), S5-T2, and S5-CT. Without formally evaluating their
probability, these sequences seem unlikely departures from independence under
any reasonable assumptions about base error rates. The fluctuations in higher
pis and their return to zero should not be counted as evidence against depen-
dence. In the present experiment, the longer error sequences did-come to an
end, or were interrupted by the end of a session, but except for S5-CT the
estimate of each higher Pi (above P3) is based on only one to three
observations.

A disproportionate number of breaks in error sequences occurred at the
beginning of a new block, suggesting that interpolated tasks reduced depen-
dence, and Figure B.2 presents the same Pl, P2, and P3 estimates omitting ob-
servations for a block's first trial if there was an error on that task's pre-
vious presentation in the session. 1 2 Where P2's earlier estimate was greater
than zero, the estimated values of P2 in Figure B.2 are increased--except for
S4-T3, and all these cases now have estimates of P2 greater than pl--except
for S5-T3. For what it is worth, in those cases where P3 's estimate is based
on three to five observations in this analysis, the patterns of P1, P2, and P3
estimates in Figure B.2 now agree most closely with a negatively accelerated
model (e.g., Samanta & Mitra's model in Equation 1) for S4-CT, a positively
accelerated model (e.g., Equation 3) forS4-T3 and S5-CT, the two-stage model
(Equation 4) for S5-T2, and independence for S5-T3. Actually, the changes in
classification of S4-CT and S5-T2 (compared With Figure B.1) are in the same
di.rection, toward a more negatively accelerated increase in Pi"

The apparent absence of dependence in about half the cases, frequently
Without any successive errors, together with long successions of errors for
four'subject-task combinations, is striking. While the absence of successive
errors might be attributed to low base error rates of .015-.094 together with

11. Unlike the results in subsequent within-block analyses, these sequences
of triple errors used in estimating P3 are not necessarily confounded with any
end or third trial effect, as they are when the third, error necessarily occurs
on the third trial within a block. Nevertheless, on the separate tasks 75% of
the first three successive errors did occur within a block for both Subjects 4
and 5, while on the Composite Task 80% fell within a block for Subjects 1-4
but only 33% for Subject 5.
12. However,,observations after such omitted trials were still counted as
before. Factors other than reduced dependence might have contributed to error
runs ending between blocks, e.g., an increased chance of error on the third
trial which would reduce the chance of ending a run between the second and
third, trials.
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absence of strong positive dependence, it is possible that dependence was
suppressed by conditions in the experiment. Except for .Subject 5 with
estimated base error rates of .210-.377 on the individual tasks, the pattern
of conditional probabilities suggests dependence only where either. Subject 4,
Task 3, or the Composite Task was involved, With estimated values of Pl
between .054 and .219 for the individual tasks and .118-.283 on the Composite
Task. Where the estimate of P3 was based on enough observations even to
consider comparing relative fit of the various models, the results either
suggest that different models fit different cases, or could be attributed to
instability resulting from the small numbers of observations.

Subsequent analyses tested departures from independence and estimated
parameter values, Weighting the observations appropriately in terms of frequen-
Cies. However, both the sensitivity of these goodness-of-fit tests and the
correspondence between their nominal and actual significance levels, as well
as the stability of parameter estimates, could be questioned because of the
small observed frequencies of multiple errors within blocks.

3.4 Tests of Independence and Parameter Estimates Within All Blocks

The results in Table B.2 and subsequent analyses follow a standard'
pattern descri'bed here. In order to justify the statistical assumption of
independent, non-overlapping observations they are based on the eight possible'
within-block error sequences (000, 001,...,111). Tests of departures from
independence (with k=O) in Table B.2 could be inflated by position effects
within blocks, but not by between-block dependence if the tested hypothesis
were true. However, the estimates of parameters on Lines 2 and 6 and tests of
goodness-of-fit for the Equation 1 model reported on Lines 7-8 in Table B.2
may be distorted by dependence between blocks, a problem remedied in subse-
quent analyses of edited data. In any case the table allows comparisons of
estimates of p and k (on Lines 2 and 6) obtained by several methods described
below.

For each subject-task combination in Table B.2 the observations are
frequencies of the eight possible error sequences (000, 001,...,111) in three-
trial blocks. Analyses of these sequences are reported under the sequence
columns; analyses under the count columns combined these sequences to repre-
sent differing numbers of errors (with 0 errors in the sequence 000; 1 error
in the sequences 001, 010, and 100; 2 errors in the sequences 011, 101, and
110; and 3 errors in the sequence 111).

Line 1. "Gross error" under count is the estimated gross error rate P,
the total number of errors divided by the total number of trials.

Line 2. "Moment Est. p,k" under count reports the estimates for p and k
in Equation I obtained by-Samanta & Mitra,'s moment estimation method
(NUREG/CR-2211, 1981). This-moment estimation technique analyzes only
the frequencies of error counts, despite the model's prediction of
different frequencies for sequences containing the same error counts
(e.g., 101 and 011), possibly because information on the sequence of
errors might be unavailable, or because the sequence of errors is
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Table B.2 Within-Block Analysis of All Blocks for Equation 1 Model

TASK I TASK 2 TASK 3 COMPOSITE TASK
sequence count sequence count sequence count sequence count
p k p k p k p k p k p k p k p k

S Gross error .038 .024 .064 .133
U Moment Est. p,k .04 .000 .024 .000 .056 .192 .112 .27
B Min. X2 Est.:
J Est. p (k=O .040 .040 .030 .024 .105 .077 .203 .201

Residual ,X= .127 .127 .983 .051 6.150 1.775 9.130 7.680**
1 Est. p,k .040 .000 .040 .000 .030 .000 .024 .000 .065 .465 .057 .283 .132 .335 .129 .284

Residual,X 2 = .127 .127 .983 .051 2.013 .352 3.299 2.218
Fit for kX 2 = .000 .000 .000 .000 4.137** 1.423 5.831** 5.462**

S Gross error .015 .063 .175 .211
U Moment Est. p,k .015 .000 .068 .000 .156 .177 .166 .366
B Min. X2 Est.:
J Est. p (k=O .026 .015 .088 .068 .191 .188 .253 .245

Residual,XL= 1.537 .016 3.648 .299 3.230 2.210 8.067 4.066
2 Est. p,k .026 .000 .015 .000 .088 .000 .068 .000 .18 .146 .163 .267 .203 .320 .166 .367

Residual,X 2 = 1.537 .016 3.648 .299 2.709 1.354 4.673 .000
Fit for k,X 2 = .000 .000 .000 .000 .521 .856 3.394* 4.066**

S Gross error .042 .049 .094 .184
U Moment Est. p,k .043 .000 .051 .000 .108 .000 .171 .118
B Min. X2  Est.:.
J Est. p (k=O .058 .043 .058 .051 .106 .103 .211 .194

Residual,XP= 3.382 .185 1.877 .278 1.833 1.086 4.918 1.932
3 Est. pk .058 .000 .043 .000 .058 .000 .051 .000 .106 .000 .103 .000 .206 .064 .176 .183

ResidualX 2 = 3.382 .185 1.877 .278 1.833 1.086 4.734 1.347
Fit for k,X 2 = .000 .000 .000 .000 .000 .000 .184 .585

S Gross error .071 .192 .286 .431
U Moment Est. p,k .077 .000 .119 .74 .218 .445 .308 .638
B Min. X2 Est.:
J Est. p (k=O .105 .077 .296 .296 .332 .329 .467 .471

Residual,X =7.151.516 22.351*** 22.351*** 11.413* 8.989** 17.805*** 13.156***
4 Est. p,k .105 .000 .077 .000 .155 .513 .147 .612 .262 .316 .223 .429 .346 .524 .334 .542

Residual X2 = 7.151 .516 4.268 3.237* 4.904 .512 6.080 3.067*
Fit for k,X 2 : .000 .000 18.083*** 19.114*** 6.509** 8.477*** 11.725*** 10.089***

S Gross error .213 .385 .347 .667
U Moment Est. p,k no solution .327 .309 .347 .000 no solution
B Min. X2 Est.:
J Est. p (k=O -.242 .218 .394 .394 .345 .347 .63V .653

Re sidual,X : 7.118 .275 7.343 2.804 5.591 .000 12.655** 1.263
5 Est. pk .233 .076 .218 .000 .322 .351 .327 .305 .345 .000 .347 .000 .559 .408 .653 .000

Residual,X 2 : 6.930 .275 2.605 .024 5.591 .000 8.906 1.263
Fit for k,X 2 = .188 .000 4.738** 2.780* .000 .000 3.749* .000



irrelevant for the intended application. (The moment estimation
technique was not used in any of the subsequent analyses, and this line
is omitted in subsequent tables.)

Remaining entries fora given subject-task combination'in the Table
descri-be results of estimating model parameters by minimization of Chi Square
(X2 ). This technique permits analyses of either sequences'or counts, and
permits at least nominal tests of significance both for lack of fit and for
variation attributable to the parameter k (see Grant, 1962, for a discussion
of these two approaches to testing models). While the analyses of sequences
provide more searching tests of the model, the analyses of counts are based on
larger combined frequencies and should better-approximate the theoretical
statistical distribution. But for both analyses, the nominal levels of signi-
ficance should be considered suggestive, since results based on the small
expected frequencies may not closely approximate the X2 distribution. These
analyses searched successively finer gridý of trial parameter estimates for p
and k to find estimates which minimized X , using double-precision arithmetic,
and values of .00001 and .99999 as approximations of 0 and 1.0 for p and k (in
order to avoid zero expected frequencies as denominators).

Line 4. "Est. p (k=O)" reports the minimum X2 estimate of p assuming
independent errors (k=O), for the analysis of error sequences and error
counts.

Line 5. "Residual,X 2" is the calculated X2 associated with the
preceding estimate of p, and tests the discr pancy from frequencies
expected if errors were independent. This X• for lack of fit has 6 d.f.
for sequences and 2 d.f. for counts. Nominal levels of significance are
indicated by * (.10), ** (.05), and *** (.01).

Line 6. "Est. p,k" gives the minimum X2 estimates of p and k in the
Equation I model for sequences and for counts.

Line 7. "Residual,X 2" reports calculated.'X2 values associated With the
estimates on the pregeding line, testing departures from the model or
lack of fit. These X s have 5 d.f. for the test of sequences and 1 d.f.
for the test of counts, with nominal significance indicated as above.

Line 8. "Fit for k,X 2" reports the reduction in X0 (Line 5 minus Line
7) attributable to fitting k as well as p, and tests the improvement of
fit achieved with k. These X2 tests have I d.f. for both sequences and
counts, with nominal significance indicated as above.

Departures from independence achieved nominal significance in Table B.2
(Line 5) only for Subject 4 on T2, T3, and CT; and for Subject I's counts and
Subject 5's sequences on CT. All had patterns of Pl, P2, and P3 estimates in
Figure B.2 which suggested dependence. The tests did.not approach signifi-
cance for the six remaining subject-task combinations where relative estimates
of P1 and P2 in Figure B.2 suggested departures from independence, nor for the
nine cases of apparent independence or possible negative dependence. In
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summary,, these analyses suggest dependence only when either Subject 4 or the
Composite Task was involved.

While there is close agreement between the moment estimation (Line 2)
and minimum X2 estimation (Line 5) of base error rate p based on counts, there
is less agreement between their estimates of the dependence parameter k in
Samanta & Mitra's model.

3.5 Tests of Indendence Within All Blocks Pooled over Subjects or Tasks

Observed frequencies of error sequ~nces were pooled over subjects or
over the three separate tasks, and the X6 test of independence performed for
each pooled data set as in the preceding analyses of data for separa'te subject-
task combinations. While the larger expected frequencies should improve
approximation of the theoretical X2 distribution, some expected frequencies
were still small. Furthermore, mixing data with different base error rates
could lead to rejection of the hypothesis of independence for the pooled data,
even if independence held in each subject-task combination. Even under such
unfavorable conditions, the hypothesis of independence could be rejected
(p-'.05) only for Subject 4 and for Subject 5's sequences for data pooled over
the three tasks; for the Composite Task with pooled data for Subjects 1-3's
counts; for Tasks 2, 3, and the Composite Task when results from Subjects 1-4
were pooled; and for Task 2's sequences and the Composite Task when all five
subjects' data were combined. These results are consistent with previous
indications of dependence when Subject 4 or the Composite Task were involved,
but also suggest possible dependence for Subject 5.

3.6 Fit of the Equation 1 Model Within All Blocks

For these pooled data as well as the individual subject-task analyses in
Table B.2, Samanta & Mitra's model successfully accomodated most nominally
significant or near-significant departures from independence, with possible
rejection of goodness-of-fit of the model (Line 7) in four cases of error
counts at the .10 level (for S4-T2, S4-CT, Subject 4's pooled tasks, and
Subjects 1-4 pooled for Task 2), and for 'Subject 5's sequences pooled over
tasks at the .05 level.

3.7 Fit of the Equation I Model Within Edited Blocks

According to any of the models, when an error occurs the probability of
a successive error on the same task is greater than p unless 'the errors are
independent. Dependence might carry-over from one block to the next on the
same task, with the error probability pi-greater than PI for the first trial
in a block despite the interpolated task(s), or might be attenuated (as the
earlier analyses of sequences over blocks suggested). To eliminate possible
carry-over which would distort parameter estimates and goodness-of-fit tests,
a block was deleted if an error occurred on the last trial of that task's
previous block in the session. The observed frequencies of the eight possible
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error sequences for these edited three-trial blocks were tabulateY3 for each
task and subject and are reported in Table B.8 in the Attachment.

The edited data included multiple errors in Composite Task blocks for
all subjects. Blocks contai.ning multiple errors on the three separate tasks
were sparse. For Subjects 1-3 the only four blocks with multiple errors
occurred for Subjects 1 and 2 on Task 3. Subject 4's data included a total of
four multiple error blocks for Tasks 2 and 3, and Subject 5's data contained
16 multiple error blocks spread over all three tasks.

The results in Table B.3 for edited blocks follow the same format as
Table B.2 (except that the results of moment estimation are omitted).

Nominally significant departures from independence are present for the
same five subject-task combinations as in Table B.2, although here the
analyses of Subject 4's sequences do not approach significance, and the counts
for S4-CT are only marginally significant. Where there is such evidence of
dependence (now Line 4), except for S5-CT the minimization of X2 yielded
estimates of p=.105-.275 and k=.324-.382 for.Samanta & Mitra's model (Line 5).
Estimates for S5-CT's sequences were higher with p=.529 and k=.721 (but again
with k=O for the analysis of counts). Except for..S5-CT, departures from
independence were detected in the analysis of counts rather than sequences,
and these four -are the only cases where the count of triple errors was higher
than the frequency of double errors, in the form of a truncated U-shaped
distribution (see attached Table B.8).

For -all these cases including S5-CT the improvement in fit attributable
to k is nominally significant or near significant (Line 7), and nowhere in
Table B.3 do departures from fit of Samanta & Mitra's model approach signifi-
cance (Line 6) except for.S5-CT. Even where dependence was not significant
there was at least marginally significant improvement in fit attributable to k
for_.S1-T3's sequences and.S2-CT with values of p=.055-.230 and k=.313-.471;
and in the sequences for S1-CT and Subject 4 on T2, T3, and CT.

In all these cases the relative estimates of P1 and P2 in Figure B.2 had
suggested dependence. Estimates of k were in the range 0-.485 for other
subject-task combinations where Figure B.2 suggested dependence, and 0-.034
where Figure B.2 did not suggest positive dependence.

13. For Subjects 1-3 editing removed 12 blocks on Tasks 1-3 (three with
single errors) and 10 on the Composite Task (three with single errors and one
double error),. For Subject 4 editing removed 13 blocks on Tasks 1-3 (six
single, two double, and three triple error blocks), and S blocks on the
Composite Task (two single, one double, and four triple errors). For Subject
5 editing removed 17 blocks on Tasks 1-3 (six single, two double, and one
triple error), and 14 blocks on the Composite task (two single, four double,
and four triple errors). Thus, editing reduced the number of blocks with
multiple errors, and some of the evidence of dependence for Subjects 4 and 5.
The results for.iSubjects 1 and 2 on Task I remain the same as in Table B.2.
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Table B.3 Within-Block Analysis of Edited Blocks for Equation 1 Model

TAS K
sequence

1 TASK 2 TASK 3 COMPOSITE TASK
sequence countcount sequence count sequence count

!-

p k p k p k p k p k p k p k p k
S Gross error .025 .056 .130
U Min. X2 Est.:
B Est. p (k=O .031 .025 .104 .076 .206 .?(h
J Residual,X= .986 .053 6.842 2.751 8.896 8.225'*

Est. p,k .031 .000 .025 .000 .055 .471 .047 .421 .125 .340 .123 .324
I Residual ,X2 = .986 .053 1.829 .526 2.475 1.984

Fit for k,X 2 = .000 .000 5.013** 2.225 6.421** 6.241**
S Gross error .070 .167 .244
U Min. X2 Est.:
B Est. p (k=O .097 .075 .191 .191 .282 .275
J Residual,XL: 3.737 .337 4.090 4.090 6.421 3.483

Est. p,k .097 .000 .075 .000 .177 .148 .148 .485 .230 .313 .190 .403
2 Residual ,X2 = 3.737 .337 3.466 2.271 3.606 .013

Fit for k,X 2 = .000 .000 .624 1.819 2.815* 3.470*
S Gross error .043 .051 .100 .173
U Min. X2  Est.:
B Est. p (k=O) .059 .045 .060 .053 .113 .110 .202 .181
J Residual,XP= 3.397 .191 1.891 .287 1.937 1.181 4.139 1.237

Est. p,k .059 .000 .045 .000 .060 .000 .053 .000 .113 .000 .110 .000 .202 .000 .167 .155
3 ResidualX 2 = 3.397 .191 1.891 .287 1.937 1.181 4.139 .848

Fit for kX 2= .000 .000 .000 .000 .000 .1000 .000 .389
S Gross error .028 .116 .242 .312
U Min. X2  Est.:
B Est. p (k=O .047 .040 .199 .198 .304 .302 .364 .364
J Residual XL 3.204 .301 10.032 9.804*** 8.899 7.603** 10.133 5.i10"

Est. p,k .047a .002a .040 .000 .108 .352 .105 .382 .227 .324 .208 .355 .281 .392 .275 .325
4 ResidualX 2 = 3.204 .301 2.157 1.714 3.517 1.806 5.864b 1.916

Fit for k,X 2 = .000 .000 7.875*** 8.090*** 5.382** 5.797** 4.269** 3.194*
S Gross error .238 .386 .386 .667
U Min. X2  Est.:
B Est. p (k=O .269 .244 .400 .396 .382 .386 .633 .659
J Residual,XL: 6.958 .320 5.732 [.097 3.541 .411 17.572*** 1.879

Est. p,k .257 .103 .244 .000 .348 .249 .349 .198 .377 .034 .382 .025 .529 .721 .659 .000
5 Residual,X 2 = 6.702 .320 3.927 .166 3.510 .400 10.515* 1.879

Fit for k,X 2 = .256 .000 1.805 .931 .031 .011 7.057*** .000
a. N~t unique.
b. X• residual larger than f~r thiv Equdtion 2 two state model (see text).



There is generally fair agreement between the parameter estimates based
on sequences and those based on counts, but with some large discrepancies such
as those for S2-T3 and S5-CT, and for S3-CT and S5-T1.

In these analyses Samanta & Mitra's model in Equation 1 is remarkably
successful in accomodating the data, both in terms of non-significant resid-
uals and accounting for observed variation. In fact, in Table B.3 where
either departure from independence or fit of the model was at least marginally
significant, the residual X2 was too small to permit significance (.05) of any
additional parameter in all but two cases (the sequences for Subjects 4 and 5
on CT). Further, the estimated values of k mostly fall in a narrow range
where there is any indication of statistical significance. However, as the
attached Table B.8 indicates, the analyses were based on small frequencies,
and for that reason cannot be considered conclusive. Therefore, several
methods of combining analyses over subjects or tasks were attempted.:

3.8 Fit of the Equation I Model Within Edited Blocks over Subjects or Tasks

Several methods of combining individual subject-task analyses were
possible. First, we pooled observed frequencies of error sequences over
subjects or over separate tasks, then fitted parameters and calculated X2 s for
each pooled data set as in the analyses of data from each different subject-
task combination. While employing larger expected frequencies and therefore a
better 'approximation to the theoretical X2 distribution, the expected frequen-
cies are still small and furthermore the results of these analyses are based
on data which presumably represent mixtures of different base error rates
and/or degrees of dependence. (However, such pooled data could directly
address issues concerning dependence in domains broader than individual
subject-task combinations.)

We also pooled the previous separate subject-task tests (summing X2s and
their degrees of freedom from Table B.3) based on separate parameter estimates
for each subject-task combination, permitting tests over subjects or over the
separate tasks, but still with only nominal significance levels because of the
small expected frequencies involved.

Given the complementary shortcomings of these methods, convergence of
results from both analyses of the same data would indicate that the conclu-
sions could not be attributed solely to the methodological problem of mixing
heterogeneous data nor to the statistical problem of small expected frequen-
cies. Table B.4 summarizes the results of these two approaches to combining
results over subjects or tasks, with the columns in Table B.4 corresponding to
Lines 4-7 in the analyses in Table B.3. 3imultaneous agreement on rejecting
the hypothesis of independence on the basis of residuals after fitting p, fail-
ing to reject the Equation I model on the basis of residuals after fitting -k
and p, and significant variation attributable to k is a stringent criterion
for convergence. On this basis, convergent evidence. in Table B.4 supports the
conclusion of dependence on the Composite Task (for-Subjects 1-3, 1-4, and 1-
5'); on Task 3 for Subjects 1-4 but not Subjects 1-3 or 1-5; and for Subject 4.
Less conservative criteria might find support for dependence on Task 2 for
Subjects 1-4 and 1-5, and on Task 3 for Subjects 1-5. These results are
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Table B.A. Within-Block Analysis of Edited Blocks for Equation 1 Model
Combined over Subjects or Tasks

POOLED ERROR SEQUENCES SUMMED X2

Est.
k

Resi-
dual

Est.
k

Resi-
dual

Fit
for

Resi-
dual

Resi-
dual

Fit
for

DOMAIN DATA p(k=O) p,k k p(k=O) (range) p,k k
TASK 1

S1-5 seq. * .174 ns * ns 0-.103 ns ns
count ns .104 ns ns ns 0 ns ns

S1-4 seq. ns 0 ns ns ns 0-.002 ns ns
count ns 0 ns ns ns 0 ns ns

S1-3 seq. ns 0 ns ns ns 0 ns ns
count ns 0 ns ns ns 0 ns ns

TASK 2
SI-5 seq. *** .318 ns ns O_. 3 5 2  ns *

count *** .301 ns ns 0-.382 ns ns
S1-4 seq. ** .194 ns ns 0-.352 ns *

count *** .189 ns ns 0-.382 ns *

S1-3 seq. ns 0 ns ns ns 0 ns ns
count ns 0 ns ns ns 0 ns ns

TASK 3
S1-5 seq. ** .192 ns ns 0-.471 ns *

count *** .268 ns ns 0-.485 ns *

S1-4 seq. * .192 ns ns 0-.471 ns **
count *** .241 ns ** 0-.485 ns **

S1-3 seq. ns .132 ns ns ns 0-.471 ns ns
count ns .179 ns ns ns 0-.485 ns ns

COMPOSITE TASK
S1-5 seq. * .371 ns ** 0-.721 ns

count *** .349 ns ** 0-.403 ns **

S1-4 seq. *** .266 ns ns 0-.392 ns
count *** .287 ns ** .155-.403 ns

S1-3 seq. * .186 ns ** ns 0-.340 ns **
count ** .280 ns ** .155-.403 ns **

TASKS 1-3
51 seq. ns .232 ns ** ns 0-.471 ns ns

count ns .132 ns ns ns 0-.421 ns ns
S2 seq. ns .154 ns ns ns 0-.148 ns ns

count ns .294 ns * ns 0-.485 ns ns
$S3 seq. ns 0 ns ns ns 0 ns ns

count ns 0 ns ns ns 0 ns ns
S4 seq. * .380 ns ns .002-.352 ns

count * .382 ns * 0-.382 ns **

$5 seq. * .161 * ns ns .034-.249 ns ns
count ns .093 ns ns ns 0-.198 ns ns

Key for significance levels: not significant (ns), .10 (*), .05 (**), .01 (***)
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consistent with the earlier indications of dependence when the Composite Task,
Subject 4, or possibly Subject 5 was involved. Table B.4 also shows how well
Samanta & Mitra-'s model accomodated any departures from independence, with
only a single significant residual after fitting p and k.

Finally, differences in parameter estimates between subjects and between
tasks were tested by analyses of variance of individual subject-task parameter
estimates in the 3 Tasks x 3-5 Subjects design. This approach avoids esti-
mates based on pooling possibly heterogeneous data, avoids the issue of the
contribution of small expected frequencies to individual subject-task X2

values, and. is often considered reasonably robust in the face of varying
underlying distributions. This approach also tests differences directly,
rather than inferring differences indirectly (and possibly improperly) from
different levels of significance. While it is not possible to test the
overall hypothesis k=O because estimates of k cannot be negative, significant
differences fn k imply dependence in some cases. 14 Unfortunately, tests for
such a two-factor design with one observation per cell are relatively insensi-
tive, and increasingly conservative if subject-task interactions are present.
Furthermore, it. is not obvious how the parameters should be scaled, offering
the option of testing either the parameter estimates or logarithms of their.
estimates (plus .001). One shortcoming of these analyses is that they do not
include the Composite Task.

In the analyses of base error rate or its logarithm, for parameter
estimates based on sequences or for counts, all four analyses found signifi-
cant differences between subjects and between tasks in analyses of Subj'ects 1-
5, significant differences between tasks for Subjects 1-4, and no significant
differences in analyses for Subjects 1-3, suggesting that such analyses might
be sensitive enough to detect differences in dependence also. In the analyses
of Subjects 1-4 the proportion of observed variance accounted for by tasks
(eta =SSTASKS/SSTOTAL) was .49-.50, with .23-.28 of the variance attributable
to subjects.

In the 12 corresponding analyses of estimated values of Equation l's
dependence parameter k or its logarithm, for sequences or' for counts, and for
3, 4, or 5 subjects, the only marginally significant (.10) effects were for
tasks in the analysis- of log k based on counts for'Subje.cts 1-5, and in three
of four analyses for Subjects 1-4 (excepting the analysis of k based on
sequences). This-is 'some indication of different levels of dependence between
tasks, and therefore of dependence on some tasks. The finding lends some
support to results of the earlier combined analyses suggesting differences
between tasks, but not the suggested differences between subjects. In these

14. Potentially the most powerful test of dependence, that the mean of k is
not zero over all conditions, cannot be used because estimates of k cannot be
nega-tive i-n any of these dependence models. Considering only positive
dependence (in accordance with a conservative policy of not underestimating
risk) may have the ironic effect of making it more difficult to detect
positive dependence. For purposes of research, a restructuring of models and
reparameterization to permit negative dependence might be useful.
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four analyses the eta2 for tasks was .39-.45, with .20- .33 of the variance
attributable to subjects. Compared with the analysis of error rate, there may
be relatively less stable parameter estimates, smaller differences between
subjects or tasks, or larger interactions between subjects and tasks for the
parameter k.

Given this inconclusive result, we returned to the direct estimates of
P1 and P2 represented in Figures B.1 and B.2,to test for differences in depen-
dence between subjects and/or the separate tasks, using the same analysis
of variance design as above. For the Equation 1 and Equation 4 models
k = (P2 - Pl)/( 1 - Pl); for the Equation 2 model k = (P2 - P1); and for the
Equation 3 model k = (P2/Pl). Such estimates of k calculated from estimated
P, and P2 values could take on values representing negative dependence; there-
fore corresponding variables were defined with estimates representing negative
dependence replaced by the value of k representing independence. In addition
logarithms (plus .001) of each of the preceding variables which had the form a
ratio-were analyzed (for those ratios which could not take on negative
values). Thus there were 54 analyses of variance of the subjects x tasks
factorial layout, for the 9 variables (above) x 2 data sets (Figure B.1 or
Figure B.2 data) x 3 subsets of subjects (1-3, 1-4, or 1-5).

Some of:these analyses permitted a test of independence based on the
mean of all cases. Although these analyses do not involve the crucial
estimate of P3, if subject-task dependence can be described by an additive
model for subject and task parameters, then for the appropriate measure the
between-subject and between-task differences should be maximized, while their
interactions and the error term should be minimized since they would not
include errors of scale, thus yielding greater significance and variance
accounted for.

In all six analyses for different data sets and subjects, the overall
mean of log(k+.001) for the Equation 3 model was significantly less than zero,
representing negative dependence. This anomaly was apparently produced by the
log transformation of the Equation 3 measure when there were estimates of

P2 = 0, and will be disregarded. For both this measure and for log(k+.001) of
the Equation 1 measure (with non-negative estimates) of k, and for both data
sets, the effect of tasks was marginally significant in the analysis of
Subjects 1-4. For both measures the eta 2 for tasks was .45-.49 for Figure B.1
data while eta 2 for subjects was .22-.23, with corresponding eta 2 s of .33 and
.19-.22 for Figure B.2 data. 1 5 The only other marginally significant effects
in all these analyses were differences between tasks for Figure B.1 data,
again for Equation 3's log(k+.001) for Subjects 1-5, and for Equation 2's k
(with non-negative estimates) for Subjects 1-4. In summary, for Subjects 1-4
roughly the same proportions of variance are attributable to tasks and to
subjects as in the previous analysis of minimum X2 estimates, with similar

15. For purposes of comparison with minimum X2 estimates, the obtained values
of k on its original scale for Tasks 1, 2, and 3 are 0, .002, and .049-.057,
respectively, for the Model 1 measure, with corresponding values of 0, .005,
and .355-.412 for the Model 3 measure.
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marginally significant effects. Also., whether k is defined by the Equation 1
or Equation 3 model , the logarithms of either estimate yield about the same
results.

From these combined analyses we conclude that dependence is present in
some cases, on the basis of the convergent evidence, wfth more confidence than
from the results for separate subject-task combinations. Such apparent depen-
dence is consistent with results for the individual subjects and tasks, and
Samanta & Mitra's model successfully accomodated such departures from indepen-
dence. However, evidence for differences in dependence between subjects
and/or tasks is either indirect or only marginally significant.

3.9 Fit of Alternative Models for Edited Blocks

The following analyses not only compare several models, but, since any
mechanism which permitted increasing P2 and P3 might improve a-model's fit for
observed multiple errors, may also suggest whether a given improvement in fit
is impressive or routine. We already noted in Table B.3 that the two-state
model fit S4-CT's sequences better than the Equation I model. Table B.5
compares the residual X2 after fitting alternative models, and gives details
of fit for the positively accelerated Equation"3 model (with estimates of p
and k.-on Line 5 as defined in Equation 3), for those cases where either depar-
ture from independence or the Equation I model's fit was near significant in
Table B.3. 1 6 One consideration in the Equation 2 and 3 models is that the
"min" term provides additional latitude in fitting, which should be recognized
and discounted if without the "min" term the model would predict probabilities
greater than one. There were only a few cases, indicated by a superscript "a"
for the estimated k for Model 3, where the fit might be suspicious by reason
of this latitude, Discountin-g such fit, Samanta & Mitra's Equation I model
best fits two cases (SI-T3's sequences and S2-CT's counts), Equation 2 fits
one (S5-CT's sequences), the two-state model fits one (S4-CT's sequences), and
Equation 3 best fits the remaining eight. For six of these last eight cases,
the best fitting k yielded values of P3 close to one. This may suggest an
even more positively accelerated increase than provided by Equation 3 ( ince a
less positively accelerated increase would have been fitted with p(1+k)
greater than one, i.e., with p3 greater than one except for the "min" term).

These comparisons indicate only relative fit, but certainly not
statistically significant differences in fit, and might depend on the
particular estimation technique. In many cases the differences were qvite
small, and these results (based on somewhat different data) do not agree with
the apparent fit of models in Figures B.1 and B.2. At the very least these
comparisons of fit make Equation I's success in accommodating data less
impressive.

16. Note that the analyses of counts for S1-T3 and S5-CT are not included in
this discussion, because of failure to achieve near-significance in the
earlier analysis, although they are reported in Table B.5.
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Table B.5 Within-Block Analysis of Edited Blocks for Equation 3 Model

TASK I TASK 2 TASK 3 COMPOSITE TASK

sequence count sequene Cunt sequencý count sequence countp k p k p c k q k p k p k
S Gross error .056 .130
U Min. X2 Est.:
B Est. p (k=O .104 .076 .206 .205
J Residual,Xý= 6.842 2.751 8.896 8.225**

Est. p,k .055 8 . 0 9 a .049 1 1 . 0 2 a .119 1 . 9 0 b .115 1 . 9 5 b
1 Residual,X2= 1.829 .847c 1.739 1.142

Fit for k,X2= 5.013** 1.904 7.157*** 7.083***
S Gross yrror .244
U Min.X Est.-
B Est. p (k=O1 .282 .275
J Residual,X = 6.421 3.483

Est. pk .224 1.08 .203 1.00
2 ResidualkX2, 3.267 . 2 6 9 c

Fit for k,2= 3.154* 3.214*
S Gross Rrror
U Min. X Est.:
B Est. p (k=0O
J Residual =

Est. p,k
3 Residual,X

2 =
Fit For k,X2 =

S Gross error .116 .242 .312
U Min. X2  Est.:
11 Lt. p (k=O .199 .198 .304 .302 .364 .364
J Residual,X = 10.032 9.3044*, 8.899 7.603** 10.133 .5.110*

Est. p,k .102 2 . 1 3 b .101 2 . 1 5hb .214 t. 1 6 h .H06 1.26r, .99r .56 .256 .96
4 ResidualX 2 = 1.289 .937 2.534 .800 6 . 3 88c 1.160

Fit for 2= 8.743*** '8.867***. 6.365** 6.803*** 3.745* 3.950**
S Gross Xrror .667
U Min. X Est.:
B Est. p (k=O1 .633 .659
J Residual,XP- 17.572k** t.379

Est. p,k .529 . 6 4 a .659 .00
5 Residual,X2= 10. 4 8 4 *d 1.879

Fit for k,X2= 7.088*** .000
a. Estimated p(1+k)L greater than 1. c. XV residual larger than for the Equation 1 model.
b. Estimated p(1+k) 2 approximately 1. d. X2 ,re~sidual larger than for the Equation 2 linear model.



3.10 Fit.of Alternative Models for Edited Blocks over Subjects or Tasks

Where the earlier analyses of pooled responses indicated (near) signifi-
cant departure from independence orjimprovement in fit attributable to k in
the Equation I model, the residual X2 s after fitting the Equation 1 and
Equation 3 models were. compared. For each subject's sequences and counts
pooled over the three tasks, Samanta & Mitra's model fit better for Subjects
1, 2, and 5, but worse for Subject 4. For each of the four tasks pooled over
Subjects 1-5, Samanta & Mitra's model fit better. However, for the pooled
responses of Subjects 1-4 (on Task 2, Task 3, and the Composite Task), and for
Subjects 1-3 on the Composite Task, the Equation 3 model had smaller
residual s.

3.11 Presumed Effects of Trial Position Within Block on Relative Fit and
Parameter Estimates

The previously suggested effect of trial position within block, based on
estimates of p1 where dependence was presumably excluded, could inflate the
frequencies of multiple errors and within-block estimates of P3 above the
values they would have without an end or third trial effect. Such effects
would increase the estimate of dependence for any of the four models, and
affect relative goodness-of-fit of the various models. Formal consideration
of such position effects in the minimum X2 estimates was not possible for the
analysis of counts (because of too few degrees of freedom), and was not
attempted for the analysis of sequences because of the smaller expected
frequencies in those analyses.

Elimination of such a presumed end or third trial effect would improve
fit for the earlier models, and decrease fit for the later models in the
following sequence: the two-state model (Equation 4), a negatively accelerated
increase model (e.g., Samanta & Mitra's Equation I model), the linear model
(Equation 2), and a positively accelerated increase model (e.g., Equation 3).
Thus, the suggested trial position effects make it difficult to draw
conclusions from the preceding comparisons of relative fit. The estimated
effects of various positions reported in the attached Table B.6 could be used
informally for this purpose, recalling that these estimates are based on data
different from those used in parameter estimation, and that it is not clear
how combined dependency and position effects would affect error rate. On the
other hand, adjustments for effects of trial position on dependence should not
be made if such effects are generic and triple repetitions are of interest.

4.0 CONCLUSIONS AND DISCUSSION

The separate subject-task analyses and combined analyses provide
consistent, convergent evidence of dependence, but largely limited to cases
which include either Subject 4 or the artificial Composite Task, and possibly
Subject 5, whose error rates were high. Such results justify the study of
error dependence at the molar level of complex tasks, avoiding the reduction
of molar dependence to molecular analyses of subordinate tasks. However, for
many subject-task combinations dependence was not apparent, possibly because
of the limited number of observations in the presence of low error rates and
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absence of high dependence, or possibly because some circumstance in the
experiment reduced dependence. Especially in the analyses of separate subject-

*task combinations the sensitivity of tests and the correspondence between
actual and nominal levels of significance can be questioned because of the
small expected frequencies involved.

Evidence for differences in dependence between subjects and/or tasks was
either indirect (and possibly incorrect, since differences in significance do
not imply significant differences) or only marginally significant. However,
tests available for direct comparisons of dependence were not particularly
sensitive.

Theanalyses of responses pooled over subjects or tasks, presumably with
closer correspondence between actual and nominal levels of signficance, would
also be applicable to domains broader than separate subject-task combinations.
There is some rationale for pooling results on a given task over individuals
even though their performance varies. Viewing an entire installation as a
domain, it seems irrelevant whether error dependence is uniform over all
workers, or some individuals contribute more dependent errors, unless it is
possible to identify and select workers with less dependence.

Where dependence was apparent, Samanta & Mitra's Equation 1 model
successfully accomodated the data both for the separate subject-task combina-
tions and for data pooled over subjects or tasks. However, comparing the
residuals after fitting four alternative models, other models often fit the
observations slightly better. Unfortunately, the conclusions from these com-
parisons are ambiguous because of possible confounded effects of different
trial positions. The results may also depend on the particular estimation
technique employed. At the very least the fit of the Equation I model does
not seem impressive when compared with other models, and the results here do
not identify a leading candidate for the form of dependence under the
conditions of this experiment.

As a practical matter, theoretical studies of the sensitivity of risk to
alternate possible forms of dependence among human errors should be carried
out in order to determine whether this is a question worth answering. Assum-
ing that form of dependence did affect risk, the possible alternative depen-
dence functions shouTd discourage attempts to use minimal data to assess
dependence, with the burden of information extraction carried by the depen-
dence model's assumptions. If possible the data, regardTess of its source,
should permit evaluation of any assumed form of dependency. Expert judge-
ments, for example, should be able to provide the information necessary-to
test assumptions of the model or specify the appropriate model for dependence,
as well as estimating its parameters.

Experience with fitting models to slightly varied data suggests that
parameter estimates for any model and fitting technique are extremely sensi-
tive to variations in multiple occurences of errors. Therefore, applications
of a model should not depend on unreliable data for the rare but crucial
multiple error occurences. Direct human judgements of rare events'
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frequencies are likely to be unreliable, or might be infTuenced by calcula-
tions based on formal or personal assumptions about probabilities.

While there are numerous differences between the conditions of the
experiment and of the applications to which generalization might be desirable,
two may be worth noting. Subjects' knowledge that their performance was
recorded and evaluated was unavoidable in the experiment, but serves to raise
the practical issue of the cost-effectiveness of outside inspectors' spot-
checks (by physically checking or repeating test, calibration, and maintenance
tasks), structured to provide incentives for improving technicians' perfor-
mance. The second concerns the temporal spacing of tasks and leads us to
entertain a superficially paradoxical hypothesis, given the presumed decrease
in dependence with increasing separation of trials. Compared with the sched-
uled cycle of task repetitions in a nuclear power plant, even assuming that
they were repeatedly performed by the same technician, subjects in the experi-
ment had much more concentrated practice on each task. Distinguishing between
the within-block and between-block inter-trial intervals in the experiment (or
in a nuclear power plant), we conjecture that dependence within blocks (and
thus multiple errors) will increase with increasing between-block intervals.
This conjecture questions the applicability of results from any experimental
design like ours.

The apparent disproportionate frequency of breaks in error sequences
between blocks suggested decreased dependence over time or interpolated
activities as would generally be expected (although trial position effects may
also have contributed to this result). Unfortunately, it was not feasible to
include an experimental condition where there were no successive presentations
of the same task within cycles including three trials on each of the three
tasks. If interpolated tasks sufficiently reduced dependence of errors
between repetitions of a task, then such a staggered schedule of tasks would
be worth considering in the interests of effective redundancy, even at the
cost of decreased productivity and increased base error rates.
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ATTACHMENT TO APPENDIX B

Task Descriptions

Task procedures and photographs of the displays are given for Task 1, "Valve
Isolation and Check," Task 2, "Wiring and Metering," and Task 3, "Logic Sequence
Checks," on the following pages. Below is a brief scenario for each task.

In "Valve Isolation and Check" the valves on the initial display (Figure B.3) must
be closed in specified order and then a latch pressed to open the cover, revealing a
second display (Figure B.4). Tests are performed on the row of switches in a specified
order, with subsequent responses for each position determined by the indicator light
above the switch. The duration of presses is restricted, but each response's duration
is displayed on the timer on the upper left. If the meter on the lower right drifts
outside a specified range it must be adjusted before the next action. Following
completion of these steps, the cover is closed to return to the first display (Figure
B.3). After opening the valves the restore switch must be pressed, and the task ended.

In "Wiring and Metering" two lights in Figure B.5 in the indicator bank on the
upper left (in which all the lights intermittently blink on and off) must be off whenever
any action is performed, and can be turned off by pressing switches. After setting
the meter function, a specified series of connections must be made between terminals
in the wiring area on the right. After connecting each pair of terminals, the connection
is tested and reset if the meter registers outside a specified range, before completing
the connection. After all the connections are completed the wiring area must be
cleared and the task ended.

In "Logic Sequence Tests" a reset switch must first be pressed to change the
indicator lights across the display (Figure B.6). Then a specified series of logic blocks
must tested by pressing the switch under the lit or unlit indicator while the indicator
lights across the entire display change. If the light in the tested block changes then
reset must be pressed before going on to the next block. After completion of the
tests the task must be ended.

Each of these task displays offered the same "menu" of administrative actions
(at the top of the screen). Between two blocks of different tasks the display appeared
as in Figure B.7. Between two trials on the same task only the "review" and "resume
(next) task" options were available.
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TASK P'ROCEDURE: VALVE ISOLATION AND CHECK

1) Close valve D.

2).Close valve C.

3) Close valve A.

4) Press latch L to open the COVER.

5) Check METER to be sure it is in the range 13.35-14.65.

If METER is above 14.65 press H until it is in ranqe.

If METER is below 13.35 press L until it is in ranqe.

AT ANY TIME DURING THE FOLLOWING CHECKS (through Step 25) THE METER IS OlUITSIDE

RANGE, BEFORE NEXT ACTION FOLLOW THE ABOVE PROCEDURE TO D:RING IT INTO' RANPiGE.

6) Press switch 147 momentarily (less than 1 sec.). IJrdicator above swi tch will
go on while you are pressing.

7) Press test switch T -For at least 1 sec. If indicator above 147 blinks then
return to step 6; otherwise proceed to next test.

8) Press switch 0.373 momentarilv (1ess than 1 sec. ). Indica-tor sbove switch wi ii
go on while you are pressing.

9) Press test switch T for at least 1 sec. If indicat:or above 033 bhinks then
return to step 3; otherwise proceed to next test..

10) Press switch 702 momentarily (less than 1 sec. Ind1ohcator above switch
will go on while you are pressing.

11) Press test switch T for at least 1 sec. If indicator aboe 702 blinks then

return to step 10- otherwi se proceed to next test.

12) Press switch 970 momentarily (less than I sec.). Indi a-ator above switch
will go on while you are pressing.

13) Press test switch T -or at .least 1 sec. If indicatur above 970 blinks then
return to step 12: otherwise proceed to next test.

14) Press switch 2184 momentar i 1ly (less than 1 sec.). Indicator above switch
will go on while you are pressing.

15) Press test switch T for at lgeast 1 sec. If indi cator hbove B84 blinks then
return to step 14: otherwise proceed to next test.

16) Press switch 220 -or at least 1 sec. but no more than 2 sec. Indicator
above switch will go on while you are pressing.

17) Press test switch T for at least 1 sec. If indicator above 220 blinks then
return to step 16; otherwise proceed to next test.

18) Press cwitch 564 momentari1y (1ess than 1 sec. ) . Indi cattor sbove. swiitch
will go on while you are pressing.

19) Press. teit s'-witch T for at l]ast 1 sec. If indicator abovo 864 blinks then
return to stem 18; otherwise proceed to nex't test.
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20-) Pres sswi tch f- 77 mome n tari 1 'y (lses than 1 sec. ). Indicator aobve switch
will go on while you are pressing.

21) Frees test switch T for at least 1 sec. If indicator above :377 hlinks then
return to step 20); otherwise proceed to next test.

22) Press switch 201 momentarily (less than 1 sec-). Indicator Above switch
will go on while you are pressing.

23) Press test switch T +-or at least 1 sec. If indicator above 201 blinks then
return to step 22; otherwise proceed to neft test .

24) Press switch 222 for at least I sec. but no more than 2 sec. Indicator
above switch will go on while you are pressing.

25) Press test switch T foTr at least 1 sec. I-f indicator shove 27- blinks then
return to step 24: otherwis e proceed to ne;:t s•tep.

26 Press CLOSE to close cover.

2'7l Press latch L to secure COVER.

.0' Open valve A.

29) Open valve C.

3Cn) Open valve B.

P1 Fress restore switch R.

2) Press END to signify completion of task.
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Figure B.3
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Figure B.4
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TASK PROCEDURE: WIRING AND METERING

1) Check to mFake sure indicators in column K/row H and col Ln 0/row P (in the
bank of indicators on the upper left) are off. If K/H and/or Q/R are on, press
32 to turn off K/H; press S1 to turn off 0/B.

AT ANY TIME DURING THE FOLLOWING STEPS (through Step 45) WHEN K/H OR 0/B COMES
ON, BEFORE NEXT ACTION FOLLOW THE ABOVE PROCEDURE T'0 TURN IT OFF.

2) Press 0 to select that FUNCTION for meter..

3) DO NOT change RANGE setting during this task.

4) DO NOT change METER setting by pressing U or D during this task.
5) Go on'to step 6.

6) Connect wire from terminal (next to) 76 ... (by pressing the button with the
cursor at the 76 arrow and moving the cursor...

7i ... tn terminal tnext to))65.
a...until you press the button with the

cursor at the arrow)

8) Press test switch T. , If METER registers outsi de the range 0.50 to 1. 0-,
press reset switch R as many times as necessary to bring METER into this ranqe.

NOTE: the values .50'C and I.00C_ are within the required range.

9) Press s-witch C to activate the conuection.

I0) Connect wire from terminal 67 ...

11) ... to terminal 73.

12) Press test switch T. If METER registers outside the ran(.!e 0.50 to 1.0)0,
press reset switch R 'as many times as necessary to bring METER into thisa range.

13) Press switch C to activate the connection.

14) Connect wire from terminal 84 ...

15) .7.to terminal v7-

16) Press test switch T. If METER registers outside the range 0.50 to t.. Cd'
press reset switch R as many times as necessary to bring METER into this range.

17) Press switch C to activate the connection.

I1) Connect wire from terminal 95 ...

19) ... to terminal 96.

20) Press test switch T. If METER registers outside the ranqe 0.50 to 1.00,
press reset switch R as many times as necessary to bring METER into this range.

21) Press switch C to activate the connection.

22) Connect wire from terminal 94 ...
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23) ... to terminal 97.

24) Press test switch T. If METER r-enisters outside the range 0. e 0 to C.65,
press reset switch R as many times as necessary to bring METER i nto thi range.

25) Press. switch C to activate the connnection.

26)

27) Connect wire from terminal B6 ...

28) ... to terminal 64.

29) Press test switch T. If METER registers outside the range 0. 1C to 0.65,
press reset switch R as many times as necessary to bring METER into this range.

30) Press switch C to activate the conneiction.

3.1) Connect wire from terminal 93 ...

32... to te.rainal 69.

Press test switch T. If METER registers outside the range 0. 1, to 0.65,
press reset switch P as many times as necensary to bring METER into this range.

34) Press switch C to activate the connection.

-r5) Connect wire from terminal 69 ...

3.6) ... to terminal ES.

37) Press test switch T. If METER regi sters outside the c-anoe 0.600 to 0.90,
press reset switch R as mane times as necessary to bring METER inta this range-

38) Press switch C to activate the-connection.

.9) Go to next step.

40) Go to next step.

41) Go "to next stpep.

42) Connect wire from terminal 63 ...

47) ... to terminal 03.

44) Pres- test switch T. If METER registers outside the range 0.60 to 0.90,
press reset switch R as many times as necessary tc, bring METER into this range.

45) Press=, switch C to acti vate the connection.

46) Clear wiring area (by presiring button while cursor is positioned in the
w i ring area) .

METE: IF WIT RMNE AREA IS CLEARED BEFORE COMPLETION *iF AiLL STEPFS THF.IJMH z161 THEN
IT IS NECESSARY TO RESTART THE TASK.

48) Press END to signi-fy comple tion cit task.
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Figure B.5

B-38



"-1y-1, F PP ICEr (IiRF- LUG I C, -Fi~::!~!:~l,(,, TE.-TS"

rw tc Rn-rr Ri I [til .i m t.I.,t'?

T n-:, I r: k, 1,ii : -iF. 7,i Wt Ilt i - I i Li -, on nt i I, t• , •; r:mp1. i.F

iin F: u i-i kl(I :.-. pi:?- s •• -,•ji ti :: '.rt hi-, 1. I: i : . -i I i -:)fn- tiu ti I ,;,ri-a n :I -c tl, : t?, .

It 1 f.i t r-t i In L- i)I(:,c:: hI--,, rnq t.r 1.- 'i- I 1•, • ' -i I r I p t i-ec.S R' it Fi 1 ::mvCnr, 1 . s C-iii It e• de

A, II I ' n F li t k Ci _ *:2 i r c-v- . s i - .. ,L -Iic , l t, Il,,i t. rni o ntil c A1 :• i cc-, ; irD , nl1:: rni. d .

]- 1 T h--f i n I :h, ct 1:: ,:::II h' 1 tt o n ii D.:i F Ci c I• ll- t i(: l i', ti Int i.'I f) r iý 1"- :i I :ý,C '•[l I C;i .in ti 1iCi-' t

1 n FIj)ci :: C:*-i I r- i iiE--. ] t i ii i - i fnc ::ov- >ii .:fI [ E U i v-li i i t1 niiiii.innFtc4 ;;l- I

hf i f : I. v:v: ; :: i .: i Inhl .1, t i " i lr n iin.i•1-. ,im:isiitivim ,,nt, ji:,, : -i.

-I 1i. 7: :i, ri. G!i i vf: 'mi r-i: t i ,- ' ni - 1.•nC : i t , I 1,-mv , t- il.lt. I On U 1 7rtn

f n [ mi : I-5 , I rh n•i•h.E- .t.tc-t l r-ik icil i ejd I - . t I ti t.; -cr:,,isnCl:D -m:t.i t.
--f 1 hic i .jr-i L i c s i: -i, n, t, IC'mn?-i-i ,:r* iF ,C :i. : r7n -7c• , iii, . :. Si v-tm i prtc: m t : c' tFt F) cln

I. I .C.-.1 1: Jl ni~ ctj 1 C -ir:-k h Ei2ý i q t- iC...c ,nfI vre--v-sdx ig ti n mti- 1ý u Ca i Z ri c~ipm' c i

v-,5 : u t -i . I.: ::6m re Im-,:. - s Mrn ci: tmd 151 i~-'ivc~rr~i V ~ ii5 n K i cn u fl I I.n :;:i ia icomp m~leted iC.

h- F- iti. r: :) vir:k . hi : 1EV 1,1 !c ,tt I -iiiidnv Dr ý,C J tPý F" t it. c.' *.:n; si v-CFr ";om- i i v-ninhie d

-) prw. tc .I *immmmt . r-r-- iimm-- -mtmm-------------- - -- jl in i7 alp e mni

1; LG H i ' -,:, i l::::!: c i•"Q :c i • i:.i• mitlicm, nrit- nl : u7,id i•i: m-n.F I• citi•rl. m- ] t i.-'• ,'m ,-: m:init[ I • •
-( t Jj- r. nc•, .m t•: , tm---ie ., .tr g c-m itirii ,i -, "n ilit ci, i • .i-im• idi .'.

54 - 0 p w,- ,- • -i-i . h me• i t p t I - lt i -' . " - l1 tm -ii i•

t t I .m I i.:mI -: C: h I ;j e d , 1i. rt - o iii nc.l-•- jin] Fi 0 -. - rn L int;T' v .iv ,[:1Ii ] 2t1. s-CFtnel .
1-it . v, LU !::) f p1 r i-i •s --,:. I r--t k nd - C, r - t- I--:-, it• - p -; i1 until " • ti i t i I m ) 1 ,ie,] tid t.

i-: Jr, F -,] L-)}: I o c: 1 :ý•: .•,!-. ,• ht ?:.c i rid.? :,:- rw•i. : • r c, i:'-• • f '_j j -:• I IR- 1.1 n ] . (-C F C- f- c ::• i: ]. I. r :if.

ft I c i 4 ',,I t - -. ni h C i iii-, d i t t1i- (t 1.,s1c:sn r7 ! t : -, .c 1 .t'inii:i is7 i-ic-' 
1 

-:f-.J.

I 1 gl it] :)" -" I h :, g d ,II it- I( r cif:l [ -f i- : t• c l C-. -'cn .F. i•c-t :i it. I.ai i f.: i tif, C.t-, I.

Tn -, i Il - -f3 : , r e tii:i -, -iii u (: I it t c") ntil Pcan ' v c I•Ci dii f t, :

TF li1 igh . W r i u :: ::::.-t m. C m-m-t -niRii: : -,, i:,ii i:: -., , .: f i' i n ic .: r i sci,:ar;ii aamn:ict .

9-i I B! I I'R 1 priess' , "- t I i I ii- i-.tA t a n t--l -;i i n• inn t C pi-','I.-

f- I ,i-,h n I- L. U-tv , n t!, 1: i k an- t: - i i: w i n-v ;-,n [S ii : 1 Eni j T.iý n is " m -tY:'ecI.

m-is 1n '1mc t i5 witch iii t tin i Fin im vi mii-nii I-cE - n Vmtt-Ei

I •, ) [rl r,:: b. I-t:: k:P- c-hn"P-,d, i,,l M•:- ~t'i.im e '; Pr c. • i: pv R': L: ii nt 1. C1- II Ji ] • - A r, -.:(i::l c ii ip 1 :,.td ý

1-5i-q m- I}:] ci [I: -i p - T t q-,it ch ncf-:: c"_- ci: ji-cut i r' L i I c a. n ' - : 'ii • c : !n I *ý.i l tit.

7) T n Rlc-:i -!, IvC 2 :; fin is- i ý.it - li- f'n ci ; y ni ii nt xl -.Evn o- ~:ncin si'-c

T .-f l- i lgh i ni liloc I .o tC : i'.i-n tI :I)ný -i4:, :Iv- tivj:i'-Rci,' itr-, in i 1. ::s c n i ,-: ciciil]i: 1tF(!l,.

1:I•: I' . -g !' .1 rA:Fn C si. •:: (:i-t i,:l<w:(:l, !;•)Itch i , I:, ,H f]~l÷()J.it t i7) - u" r ti7:; I -c-., i -Fi:: } •c• r-.) & d1 c irp ] •l. f•c

B-39



21) In Block F40 press switch under lit position until scan is completed.
If light in block changed, beA:dre proceeding press F: until scan is. cumplt-eted.

22) In Block F49 press switch under unlit position until scan is completed.
If light in block changed, before proceeding press R until scan is completed.

2.) In Block F51 press switch under lit position until scan is compioted.

If light in block changed, before proceeding press R until scan is completed.

24) In Block F52 press switch under unlit position until scan is completaed.

If light in block changed, before proceeding press R until scan is completed.

22) In Block' F54 press switch under lit position until scan is compIeted.

If light in block changed, before proceeding press R until scan is completed.

26) In Block E55 press switch under unlit position until scan is corplsted.
If 1.ight in block changed, before proceeding press R ntiil scan is comp• i ssted.

:27) Ir) Block D0.1 press switch under lit position until scan is completed.

If light in block changed, beiore proceeding press R unt.il scan is conpleted.

2.) In Block D29 press switLc7 under lit position until scan is completed.

If "light in block changed, before proceeding press R until scan is completed.

29) In 2:'1ock 027 press switch under lit position until scan is completed.

If light in block changed, before proceeding press R until scan is ccmpletfftd.

70) In Block D26 press switch uinder lit position until scan is completed.

It. light in block changed, before proceeding press R until scan is completed.

31) In Block D24 press switch under lit position until scan is completed.

If light in block changed, before proceeding press R' until scan isr completed.

32) In Block D22 press switch under unl it pos.ition until scan is completed.

I- light in block changed, before prosceeding press R until scan is completed.

22.) Press END to signify completion o-f task.
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Figure B.6
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Figure .B.7
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Tabl e B.6 Estimated Base Error Rate p for Each Trial Position Within Block

Trial Position Within Block
1 2 3

Subject 1

Subject 2

Subject 3

Subject 4

Subject 5

Task 1
Task 2
Task 3
Composite

Task 1
Task 2
Task 3
Composite

Task 1
Task 2
Task 3
Composite

Task I
Task 2
Task 3
Composite

Task 1
Task 2
Task 3
Composite

.038
0.0

.040

. 087

0.0
.053
.167
.133

0.0
.091
.100
.200

0.0
.130
.182
.250

.048
.250
.211
.273

.040
.036
.040
.087

.045
0.0

.111

.118

.031

.032

.138

.208

.036

.095

.095

.125

.280

.263

.400

.714

.040

.038

.080

.182

0.0
.143
.211
.312

.097

.030

.071

.167

.185

.095

.318

.438

.294

.438

.438
.778
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Table B.7 Sequences of Errors in Task Performance

S1-T1 000 000/000 000 000/000 000 000/000 100 000/000 000 000/000 000 000/000 000
000/000 010 000/000 000 001/

-T2 000 000/001 000 000/000 000 000/000 000 000/000 000 000/000 000 000 000/000
000 000 000/000 000 000/010 000 000/

-T3 000 001 000/000 000 000/000 000 100 0--/000 011 001/000 000 000/000 000 000/
000 000 000/000 000/000 000 000 ?--/

-CT 000 001/001 000 000/000 000 100/000 111 001/000 000 000/000 000 000/000
000 000/000 010/010 000 001/

S2-TI 000 000 000/000 000 000/000 000 000/000 000 010/000 000 000/000 000 000/000
000 000/000/

-T2 000 000 100/000 000 000/001 000/000 000 001/000 000 000 1--/000 000 000/
001 000 000/000/

-T3 000 000/000 000 101/000 000/000 000 110/000 011 001-001/001 000/000 000
000/010 100/

-CT 000 000/000 000 101/001 000/000 000 111/000 011 001/001 000/001 000 000/
010/

S3-TI 000 000 001/000 000/000 000/000 000 000 000/000 000 000 000/000 000/000 000
000/000 000 000/000 000 001/001 000 010/000 000 000/

-T2 000 000 000 000/000 000/000 000/000 000 000 000/000 000 000 000/000 000 100/
100 000 000/000 000 000/000 000 100/010 001 000/000 000 000/

-T3 001 000 000/010 000 000/000 000 000/000 000 000/100 000 000/000 000 010/001
000/000 100 000/100 000 000/000 010 000/000 010 000/

-CT 001 000 001/010 000/000 000/000 000 000/100 000 000/000 000/101 000/000
100 000/100 000 101/011 011 010/000 010 000/

S4-TI 000 000 000/000 000/000 000 000/000 000/000 000 000/001 001 001/000 000
000/001 001 010/000 000 000/000 000 000/

-T2 i11 i11 111/001/000 000 000/010 000/000 000 000/000 100 100/000 000/000
000 000/001 010 000/000 000 000/

-T3 101 000 001/000 000/000 000 100 000/100 000/000 001 000/001 101 110/000
000 111/001 001/000 000 010 010/

-CT i11 i11 111/001/000 000 100/110 000/000 001 000/001 101 111/000 000/001
001/001 010 010/111 111/

S5-TI 010 000 000/000 001 010/010 000/000 010 001/000 000 000 000/010 011/001 000
110/011 000/001 000 001/

-T2 001 000 000/001 000 011/111 001/100 010 001 00-/Ol 101 000 000/000 110/010
000 001/110 i11 111/000 001 011/

-T3 000 110 001/010 000 011 00-/110 101/101 010 001/000 001 010 1--/011 001 000,
000 111 010/010 000/010 001 000/

-CT 011 110 001/011 001 011/111 101/101 010 001/011 101 010/011 111/011 111
111/111 111/011 001 011/

Key: Error (1) Correct (0) Missing trial at end of block (-) Not recorded (?-
End of session (/)
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Table B.8 Frequencies of Error Sequences Within Edited Blocks

SEQUENCE (O=correct, 1=error)
000 001 010 011 100 101 110 i11

Subject I Task 1 23 1 1 0 1 0 0 0
Task 2 25 1 1 0 0 0 0 0
Task 3 21 1 0 1 1 0 0 0
Composite 16 3 2 0 1 0 0 1

Subject 2 Task 1 21 0 1 0 0 0 0 0
Task 2 15 3 0 0 1 0 0 0
Task 3 12 1 1 1 1 1 1 0
Composite 8 3 1 1 0 1 0 1

Subject 3 Task I 27 3 1 0 0 0 0 0
Task 2 28 1 1 0 3 0 0 0
Task 3 21 2 4 0 3 0 0 0
Composite 15 2 2 1 3 2 0 0

Subject 4 Task I 22 2 0 0 0 0 0 0
Task 2 17 2 1 0 2 0 0 1
Task 3 11 4 2 0 2 1 0 2
Composite 6 5 1 0 1 0 1 2

Subject 5 Task I 9 5 4 2 0 0 1 0
Task 2 5 5 2 2 1 0 2 2
Task 3 5 4 3 2 0 2 2 1
Composite 0 2 0 6 0 1 0 2
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APPENDIX C

MSF COMPUTER CODE AND USERS' GUIDE

This appendix contains the MSF computer code developed for the computa-

tion of the independent failure probability (p) and the dependence factor (k)

using the moment estimation technique. The MSF computer code also evaluates

the failure probabilities for different reliability configurations using p and

k calculated from the input data. This appendix also provides the output of

an example case run using the MSF computer code.
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PROGRAMq MV 74/ OPT- I FTN 4,.0;*5ft 03/11195 17-36-55 PAGE

IPIIOWAM4 IqF l,.'UT .OUuT.u TAPE~ I * INPUT . TAPEG.OUTPUI I
DIMENSION4 t21I.FP(2.2i

COMMO4NI l.N.XI .X2.XS.X%.PI2.Pll.PI3.Pl3.P33.PI%.P2%.P3,.P4,
5 REAL K.NI.N

C READ CONSTANTS Or T" PROBLEM
I00 OOLRAD,.MCASE

IV(NCASI.CO.Oi 0PO TO 300
WAD *.IFLAG

W11TC16.51 NCASE
5 rORAThIHI.l,?.pINMA RESULTS FOR IASo.161

9 FORMAT IM INI

'. FOIlATsJHO.l?,pJtaLT DATA:01
PRINT -. IiI.N.RI.Xa.X3.X%.P.E

20 C
IrIIVLAG.EQ.II ?0.30

.20 CALL S9PIP.Kl
00 TO 300

30 CNT It"
25 C NOTE NI -IS TME M.DNR 0r UNITS

.1-0

IrI~XR.E0.O.l 00 TO 17
K.IX2*X3*X'.)' XI*XZ.X3l

00 TO 19
17 K-I.
19 CONT I W

35 &mIT~iG.9)
9 F0NIAT i 11I

PRINTI*P.K
C TIC I TCRAT0 STARTS HERE
100 CON7 1 M

40O CALL FUN4 ir.P.Ki
tat TE .. 9)
Pl~INT*.F
1-i-II
IFtiASI6ItII.LT..OI.AMQ.AuS4FrIEI.LT..0II 00101200

45 lIrtJ.LT.1001 00TO IN0
P~IN1*.o SOLUTION WiAS NOY REACHED IN 1oo ITtftATIONS-CMECK INPUT
PRINT*.* NO INITIAL SOLUTIONO
hTOP

120 CONT I NU
w ~"PP-.0.0000I

PKO.00001
CALL fI.46Z.pp.xi
1,1.li*-tor( 1-161) I100000.
rowtR.ou.-crtl.-zirtioI00000.
CALL rUNIll.P.PKI
iPiii.I.-tiVm-ziIII*10000.
VPIR.Il)-61ilI-z4plIO30000O.
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pRoomuq 9W ,'.n'. ORT-I FN '..U.5OS O3'III~ I7.M.55 PACE I

PROORAM "SF 74174 OPT - I FTN 4.9-506 17.35.95 1 PAGE 2

D-rPi.l.1 F'Pi 2 *i -rP(2. 2i*FrpE I.2
IFIARSIDI .LT.0.000001 3D-0.OOOI
WRITC4S.III 3D

iii rOMMATIC2O-01

IF iAUScPI.OE.I. IP4`PPO.00I
1F4AW54K).O(.2. 3K-ft*.O.00
IF(P.LT.0. IP.-P
IF(K.LT.0. 3K.-K
WRITE 46.73
PRINi*.0 FOR THIS ITERATION P AND X ARE p.p.K
OOTO 100

2'00 CONTINUE
WRITEM'. 7

7 fOWAT I IWO
PRINT*.0 AT THE SOLUTION rill AND FIZI ARE O.Fi13.fi13
PRINT*.o SOLUT ION FOR P AND K IS o.P.K
IRITE11.1.01 NI.P.K

20 FORMATiIWO.Mv. SOLUTION FOR o.F2.O.o - UNITi SYSTCMSv./t.'X..CALCU
-LATCO INOEPENOENT FAILURE PROBADILITY IFP'*..CIO.%.i.%X.vCALCULATED
* mPENICEICE FACTOR oKi.o. rio.'.i
CALL SKPIP.K)

00 TO 1000
300 CONT I"4

stop
END

swoic REFERENCE mAP Rini
IT POINTS

94ES S T YPE RELOCAT ION
F3 0 REAL
10 FP REAL ARAY
11 1 INTEGER
I N REAL j
0 N I REAL/

I Pell REAL.
z I ps MRAL '

6 14 MRAL I

a x I REAL

Z REAL. ARAY

a INPUT FREE "%O OUTPUT

',577
".75

10
7

14.
Is

%W60
31
5

F
IFLAG

K
NCASE
P
PiP
P23
P24
P34

XX
X4
N"

INTEOER

INTEGER
REAL

REAL

REAL

MAL

0 TlAPE

ARMY

I

I

FME~ 00%TAK F"T
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SUBROflUTIN F1[UN 4/7%i OPT-I FiN %.@*OWe 03/11 /05 1 7.nm.95• PAM

I SU9 uTIN[ FUNilr.P.K)
OIPIEINSON r (?I
COMIO9 NI.N.XIX.,XS.3X%,Pl.,P22..PI3.P23.P33.Pl%.P2%.PPW.l•P,
REAL K.NI.N
lFINI-3.1 100.200.300

100 PI?."?P'II.-P)-K.P.II.-P)

rIrI.I•2%. -PZ2- IXIt4.-X2)/N
10 RE[TUR

200 CONTINUE

PF3.-P.II.-Pi-P3hI.-P33. II.-2. ePI" . I.X-K

F .aP3I..- . P3.K -.- P33-(IXI.-PX2*.9 -X3N•

300 Pil%-P(I.-PI..3i3..-P)i.-KI.*I.-P **i3

Frill PIl%3. .P2ll.gPP,*I3-6..P%-mXI , .s-*X.gX X3...XI/N

SYMMXIC REFERENCE MW IN-I
ENTRY POINTS

3 FUD4
VDAhlIALS SH TYPE RELOCAT ION

a F REAL ARAY F.P. 0 K REAL. F.P.
Ip , . .N N aI NALREA
0 P FL . .p. P P1P REAL
10 P13 REAL / / 13 PD. REAL

'I P22 REAL / i 1 Pas 3 RAL
1-. P^%P A / / I? P33 REAL
Is PP I. . IA / /P REAL. /

2 xi P .AL / / 3 X2 t .AL
P , X3 REA /ii / 5 X REAL.
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~OUTlPC9~ 7%,7% OPT-I FIN 0.6.506 03/11/US I7..O5 P*O( I
SUIOTIHIE[ SK 74/7 OPT -I FYN 4.o0500 03/sllft 17.311.95• PA, I

SUBROUTINE SKP (P.K0
COMM•ON NI

EIA. K.NI
WRITCtS6.1

7 FORqAT41N4OO
iWRITE4 6.5

5 FORMAT i IN0.2X.CALCULAT ION OF DEPENDENT FAILURE PROOAILITYV!
C

IFINI-3.1 100.200.300
C
100 PIlIK*P) - IWP**•-I*l-KI)

piI rEc(.10o P12
Ia FIORATIIHo.2X.Wl OUT OF 2: 6 LOGIC SYSTEM v.EIO.10.

RE TLPN
C
200 CONTINUE

P13-'P-P0 £ I-Po £ I-K) o-P*( I I-P0£° I-KI ?0.1
SP£ £ I I-PO *.o * 0£ I I-K) .. 30

WRITE,4O6.0 P13
20 FRMIATcIIH.2)(.0I OUT OF 3: 0 LOGIC SYSTEM- o.EIO.4)
C

P23-P0-?-P) -£1IePlel 0 £I-P) ?0t I-0(000
,,RITC0 .30 1 P23

30 FOIRATiIHO.?X.o2 OUT OF 3: 0 LOGIC SYSTEM -P.EI1.')
RETURN

C
300 CONT I NU

PIA. 01- 1 I-P) 0
P10,0.0 I-i I-Po0°1 I-K) 0 •
P1,0.01)0- I-P)0 I I-Kil0e )

PIT-PI0,A.PI40*P IC PI'o
WRIyTE(6.40 PI1T

4.0 F0'MAIIIHO.2X.01 OUT OF 4: 0 LOGIC SYSTEM -041O.-4)
C P•,-P~oa-Po-uIeP0£ £0 -P0**£ 1!-K!0 oP. £ 1-Po-

*£IP**?.-?0* 0 I-K 0?0~ l0.£liP0 0£ I l-PO..30.'

WRITE[6.503 P2'4
50 VOmqAT0IHO.2x.*Z OUT OF %,: 6 LOGIC SYSTEM - io.EIO.'.0
630 FIrM~lATIIH0..L•X,0 OUT OFr 4t G LOGIC SYSTEMI - o,110.1•1
C pP.., 3-03-*') * op.*•I*?oP-13.P0I0 £0I-Po..3o.£ 1-0()

SO Fr01IAT0II4,.?(.'3 OUT OF Ii : 6 LOGIC SYSTEMH -wEI0.%0
C

400 CONIT I NU
RE TUR
END

SYP•OLIC REFERENCE MAP oR-I)
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FINAL. RESULTS FOR CASE I

INPUT DATA:
3. 132. 26. 5. 3. 0. 0. 0.
.0,509187%,*005 .23bL9"I I7S'71

-00Al 1J•4 .6 7 -. 04a35407316593
-. ll•.L I

FOR THIS ITERATION P AND K A .?95'67816I555? .266A.910575W" 7
. O0007. ]359968010% I .000697051915351. I

AT TH' SOLUTION FiI) AND Fl?) ARE .00007435900&N•%I .00061•I• 5431I
SOLUTION FOR P AND K IS .09268791665W .a95.91057511907

SOLUTION FOR 3. - UNIT SYSTEMS
CALCULATED INDEPENDENT FAILUiR PFS ILITY (Pl. .9269E-01
CALCULATED ODEPEINDNC FACTOR IKI- .2985

CALCILATION OF rEPEPlNT FAILURE PROS|ILITY

I OUT OF 3: G LOGIC SYSTEM9- .10%W-01

2 OUT OF 3: G LOGIC SYSTEM - .MKX-01
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