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This repor t  describes and evaluates severa l  procedures f o r  using expert  
judgment to estimate human e r r o r  probabi l i t i es  ( H E P s )  i n  nuclear p o w e r  
p lan t  operations. These H E P s  are cur ren t ly  needed for several purposes, 
pa r t i cu la r ly  for p robab i l i s t i c  ri.Jk assessments. Data do not exist f o r  
estimating these  H E P s ,  so expert judgment can provide these  estimates in 
a timely manner. NURBZ/CR-2255 suggested t h a t  expert judgment can pro- 
vide reasonably va l id  and reliable HEP estimates, i f  used carefu l ly  and 
systematically.  Five judgmental procedures are described here: paired 
comparisons, ranking and ra t ing ,  direct numerical estimation, i n d i r e c t  
numerical estimation and mul t i a t t r i bu te  u t i l i t y  measurement. 
cedures are evaluated i n  terms of severa l  criteria: 
ments, d i f f i c u l t y  of data co l lec t ion ,  empirical support, acceptability, 
theo re t i ca l  j u s t i f i c a t i o n ,  and data processing. S i tua t iona l  cons t ra in ts  
such as the number of experts  avai lable ,  the  number of H E P s  to be esti- 
mated, t he  t i m e  available, t h e  loca t ion  of t he  experts,  and the  re- 
sources avai lable  are discussed i n  regard to t h e i r  implications f o r  
s e l ec t ing  a procedure for use. Details for  implementing the  procedures 
and necessary ca lcu la t ions  are included i n  appendices. These descrip- 
tions w i l l  be t he  basis of subsequent research t e s t ing  t h e  use of sever- 
a l  procedures. 

These pro- 
q u a l i t y  of judg- 
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1 .O INTRODUCTION 

The purpose of t h i s  report is t o  present a s e t - o f  procedures t h a t  can be 
used to estimate human error probabi l i t i es  ( H E P s )  i n  nuclear power p lan t  
(NPP) operations using expert  judgment. 
search program being conducied f o r  the U.S. Nuclear Regulatory Commis- 
s i o n  (NRC) by Sandia Naticnal Laboratories and its subcontractors. An 
earlier review of relevant literature i n  NUREx;/CR-2255 ( St i l lwe l l ,  Sea- 
ver,  and Schwartz, L ~ L " )  indicated the  poten t ia l  of t h i s  approacl to 
estimating H E P s .  This research program is guided by recognition of the 
role humans play i n  NEJP operations,  both i n  producing and i n  mitigating 
accidents.  A major e f f o r t  i n  the program has been the development of 
the  Handbook of Human Re l i ab i l i t y  Analysis - with Diphasis on Nuclear 
--. Power Plant  Applications (Swain and Guttmann, 1980) t h a t  is cur ren t ly  
being revised. The Handbook lays  out procedures f o r  estimating human 
r e l i a b i l i t y  based on probabi l i ty  tree diagrams ca l led  human reUabiLi ty  
ana lys i s  (HRA) event trees, and provides probabi l i ty  estimates for var- 
ious spec i f i c  types of errors and t h e i r  dis^cributions. These probabil- 
i t y  estimates, however, are general ly  based on extrapolations fran Only 
p a r t i a l l y  r e l a t ed  performance measures, or on the  expert  judgment of the  
auchors. Thus, a t  present, a major problem i n  human reliability andly- 
sis is the lack of high q u a l i t y  HEP estimates. One way to  provide 
b e t t e r  estimates is to use expert  judgment i n  a more s t r u e t u r d  and sys- 
tematic way. 
under a va r i e ty  of circumstances to produce needed HEPs. 
the  basis f o r  a test of several  of these procedures. 

It is part  of an ongoing re- 

--- 

This report describes severa l  procedures that can be used 
It providas 

1.1 Need €or Expert  Judgment of HEPs -- -- 
Clearly the best way to obtain good HEP estimates is through well-con- 
t r o l l e d  and carefu l ly  executed empirical s tudies .  
ever,  would be extremely cos t ly  and time consuming a t  ac tua l  plants ,  i f  
possible  a t  all. m p i r i c a l  data co l lec t ion  i n  control  room simulators 
is being funded by NRC, but the data are r e l a t i v e l y  c o s t l y  and time con- 
suming to  collect, and the data  cannot be cal ibrated quickly. 

Such s tudies ,  how- 

Y e t  HEP estimates are needed now. The accident a t  Three Mile Is land 
(TMI) has inst igated the improvement and use of probabi l i s t ic  r i sk  
assessment (PRA) to quant i fy  the r i s k s  associated with nuclear power 
p lan ts .  Because, i n  part, of the human errors involved a t  TMI (Kemeny, 
1979; Rogovin and Frampton, 19801, human reliabiUty has begun to 
receive special a t t en t ion  i n  PRAS. 
human r e l i a b i l i t y  analysis  parts of PRAS are well-understood and devel- 
oped (Swain and Guttmann, 19801, but the data needed to provide accurate 
inputs  to the analysis  are sparse. Since empirical s tud ies  cannot pro- 
vide these dat<r to meet the needs of cur ren t  PRAs, expert judgment is 
the most viable  method for obtaining HEP estimates i n  a t imely manner. 

The methodology and models f o r  the 
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If =pert judgment is to be used to estimate H E P s ,  it should not be used 
i n  an ad hoc and unsystematic manner. Reliable* and va l id  estimates are 
needed. Although evidence described i n  the  f o l l w i n g  sec t ion  suggests 
tha t  experts  can make reliable and va l id  judgments, it also indica tes  
tha t  care must be taken i n  how judgments are made to avoid systematic 
e r ro r s  and unre l iab i l i ty .  Thus, the procedures described here have been 
iden t i f i ed  and developed to systematize the use of expert judgment, and 
to  e l ic i t  judgments using procedures tha t ,  for given circumstances, w i l l  
minimize biases. 

Expert judgment of H E P s  is needed not only for PRAS. NPP cont ro l  roaas 
are cur ren t ly  being reviewed f o r  human fac to r s  def ic iencies .  The proce- 
d u e 8  deecribed here could be used to estimate the e f f e c t s  of the  defi- 
ciencies  on human errors and t o  help p r i o r i t i z e  the  correction of defi-  
c iencies .  
i n  cont ro l  room design. 
ated with respect to the  H E P s  they poduce.  

Expert estimation of H E p s  could also Beme a useful  purpose 
Alternat ive designs could be? compared and evalu- 

1.2 Rationale for the U s e  of Exper t  Judgment of UkeXhoed -- 
The argument t h a t  there  is no o ther  way to obtain rap id ly  and completely 
needed HEPs is not su f f i c i en t  to j u s t i f y  the use of expert judgment, It 
must also be demonstrated t h a t  such judgments are of s u f f i c i e n t  va l id i ty  
t o  be useful  and not misleading. On t he  balance the  literature suggests 
t h a t  expert  judgment can be used ef fec t ive ly ,  if appropriate care is 
given to the  manner i n  which judgments are obtained ( S t i l l w e l l  et  a l e  , 
1982) e 

Research evidence is, however, somewhat divided as to the  qua l i ty  ( i n  
terms of both r e l i a b i l i t y  and v a l i d i t y )  of quant i ta t ive  judgment. The 
use of heuristic estimation r u l e s  for making quant i ta t ive  estimates and 
t h e i r  r e su l t i ng  biases i n  the judgment of probabilities are w e l l  docu- 
mented. For instance,  Tversky and Kahneman (19741, Kahneman and Tversky 
119791, Wallsten and Budescu (19801, and von Winterfeldt (19801, list 
and give examples of biases i n  p robab i l i s t i c  judgment and explanations 
of the  heu r i s t i c s  t h a t  may be t h e  causes. However, these examples gener- 
a l l y  cane from narrowly focused laboratory experiments or ad hoc group 
data co l lec t ion  e f f o r t s  whose genera l i ty  is d i f f i c u l t  to defend. 
o the r  hand, Lusted (19771, Murphy and Winklar (1977), and others  (for 
example, Goodman et al . ,  1 9 7 9 ~  Kabus, 1976), s h o w  r e s u l t s  t h a t  suggest 
t h e  opposite conclusion, namely, t h a t  humans can provide valid, orderly 
estimates of l ikel ihood.  

On t h e  

*In this report, r e l i a b i l i t y  r e f e r s  to the consistency of judgments- It 
is  usua l ly  measured as the cor re la t ion  between the  same judgments made 
a t  d i f f e ren t  times by the s a m e  judge or the cor re la t ion  among judgments 
made by d i f f e ren t  experts. 
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This mixed evidence would seem t o  cloud t h e  question of whether these 
probabilistic estimates should be used for decision making or any other  
purpose. However, upon closet examinatjon of the  f u l l  breadth of these 
s tud ies ,  we can glean some important information about when and where t o  
apply judgmental methods and when to use the data that  r e s u l t  from t h e i r  
application. 

As mentioned above, many of the studies t h a t  demonstrate hias or  severe 
random f luc tua t ion  i n  probabilistic estimates are highly controlled,  
laboratory experiments. Thus, these experiments are suspect on a broad 
range of realism grounds, including, for example, subjec t  experience and 
motivation, r e a l i t y  of s t imuli  and s i tua t ion ,  and s t rength  of experiaent- 
a1 manipulation. A subset  of judgmental s tud ies ,  however, have used 
expert  subjec ts  performing something akin to the tasks a t  which they are 
expert, and we w i l l  look to these f o r  evidence more d i r ec t ly  relevant to  
t h e  question of whether expert  generated judgmental probabilities can 
use fu l ly  be used as input  to  HEP models. 

Four substantive areas have provided the bulk of applied research using 
real experts. The f i r s t  of these areas, mi l i ta ry  science and i n t e l l i -  
gence, has produced f indings t h a t  are only ind i r ec t ly  related to the 
q u a l i t y  of the  estimates. These findings can be summarized as follows: 
(1) the experts  prefer  to respond i n  numerical form when expressing un- 
cer ta in ty ,  (2 )  miscommunication is reduced by the use of num3rical proba- 
h i t l i t i e s  ra ther  than verbal reports f o r  expressing uncertaincy, ( 3 )  reli-  
a b i l i t y  of these estimates is sa t i s f ac to ry  (average test-retest correla- 
t i o n  of .79 found by Johnson, 19771, and ( 4 )  sa t i s f ac to ry  use of proba- 
bi l is t ic  estimation is being made i n  the  in te l l igence  community to solve 
t r a d i t i o n a l  information processing problems. 

The other  three substant ive areas are somewhat more in te res t ing ,  s ince  
t h e  r e l a t ive  frequencies for the estimated events  of ten  become avai lable  
with the passage of t i m e .  The judgments of the experts can therefore be 
compared to an ex terna l  c r i t e r i o n  to determine t h e i r  accuracy. In the 
area of business the  evidence is  r e l a t i v e l y  negative, suggesting t h a t  
exper t s  i n  t h i s  area are poor judges of event probability. A variety of 
s tud ie s  ( for  instance,  Stael  von Holstein, 1972, and Bartos, 1969) i n  
t h i s  context have shown t h a t  secur i ty  analysts ,  bankers, stock analysts ,  
and other  f inanc ia l  "experts" cannot even outperform randam guessing 
s t r a t eg ie s .  These studies must, however, be viewed w i t h  the caveat t h a t  
many of the f inanc ia l  phenomena about which the judgments are being made 
are es sen t i a l ly  random w i t h  respect to the information the analysts  have 
to  work with. Therefore, poor predict ion is n o t  necessar i ly  demonstra- 
tive of an i n a b i l i t y  of experts  to make predict ive judgments. 

The evidence in the other  two areas, weather forecast ing and medicine, 
is quite encouraging. Among those experts  t h a t  have heen extensively 
evaluated, weather forecas te rs  are the best judges of probabilities. 
When performing what are e s sen t i a l ly  the  same tasks they do for their 
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jobs, i - e .  I estimating p robab i i i t i e s  of p rec ip i t a t ion  and temperature 
forecast ing,  they are surpr i s ing ly  accurate. Their ca l ib ra t ion  (defined 
as the degree to which the probabi l i ty  assigned to  an event r e f l e c t s  the 
recorded r e l a t i v e  frequency of t h a t  event)  has been shown to be very 
good, w i t h  plots of their judgments showing very l i t t l e  distance between 
the li ne describing pe r fec t  ca l ib ra t ion  and l i nes  describing meteorolo- 
g i s t s  judgments. Brperts i n  the medical f i e l d ,  both nurses and doctors, 
i n  s tud ie s  covering a broad range of diagnostic and prediction tasks, 
a l s o  show a high degree of ca l ib ra t ion  i n  t h e i r  judgmental estimates of 
uncerkain quan t i t i e s ,  although there  is  some tendency to overestimate 
the  likelihood of events with severe consequences. 

This last  finding, that events with severe consequences are overesti-  
mated, po in ts  out  one of several problems t h a t  must be considered when 
using judgmental data. We would l i k e  t o  poin t  ou t  severa l  considera- 
t i ons  as par t i cu la r ly  important i n  the  context of the judgment of H E P s .  
W e  also would l i k e  to recommend t h a t  t he  user of these  data take pains 
e i t h e r  to u t i l i z e  methods that  minimize o r  remove the impact of these 
problems o r  take steps to make allowance f o r  t h a t  impact. Some of the  
more important considerations f o r  judgmental estimation of human e r r o r  
p robab i l i t i e s  are: 

0 Value/probability dependence - This is a more general version of 
the medical problem discussed above i n  which the likelihood of 
events with extreme consequences are overestimated. This pro- 
blem could be very important i n  t h e  judgment of HEPs where some 
of the event pathways lead t o  extreme crisis s i tuat ions.  

0 Small probability estimation - Many e r r o r  probabilities a r e  like- 
l y  t o  be extremely small, f o r  example, less than Research 
evidence suggests t h a t  many methods fo r  e l i c i t i n g  p robab i l i s t i c  
judgments s u f f e r  from i n s e n s i t i v i t y  i.; the more extreme ranges 
and these  methods should therefore  be avoided i n  the  case of HEP 
judgment. 

0 Making judgments outs ide one's area of expertise - Even i n  the 
case of weather forecasters ,  who have been shown t o  be very good 
probabi l i ty  estimators, high qua l i ty  of estimation does not gen- 
e r a l i z e  outside the judges' s p e c i f i c  area of expertise. There- 
fore ,  i n  the case of HEP judgment, t he  expert  judges m u s t  be 
carefu l ly  chosen and not  asked t o  make judgments outside t h e i r  
area. 

The techniques presented i n  t h i s  report are designed t o  take these con- 
s i d e r a t i o r i  i n t o  account to the  ex ten t  t h a t  the judgmental bas i s  of 
these  phenomena are understood. But it is a l s o  important that users  of 
t he  techniques, and the  experts making any required judgments, be aware 
of these poten t ia l  problems to help minimize t h e i r  e f fec ts .  
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1.3 Scope and U s e  of Report 

T h i s  report  does not pruvide actual  HEP estimates. 
d i rec t ions  regarding how to  obtain these estimates using expert  judg- 
ment. 
s tatist ics , including a knowledge of psychological sca l ing  methods. 

Rather, it provides 

It is intended b be used by people w i t h  s o m e  background i n  

A large number of techniques could be used f o r  obtaining judgmental esti- 
mates of H E P s .  
19821, and t h e  m o s t  promising procedures have been selected and consoli- 
dated for  presentat ion here. 
report--paired comparison, ranking and ra t ing ,  direct numerical estima- 
t ion ,  indirect numerical e s t h t i o n ,  and mul t ia t t r ibu te  u t U i t y  measure- 
ment-represent a w i d e  range of judgmental processes, underlying assump- 
tions, and proven usefulness. 
tha t  a t  least: one of the procedures can be used appropriately under m o s t  
circumstances. 

A caveat regarding the mul t ia t t r ibu te  u t i l i t y  measurement pracedure is 
required here. 
t i o n s  (Keeney and Raiffa, 1976)0 has not generally been used ta estimate 
probabilitiesr nor has there been much research concerning its reliabil- 
i t y  and va l id i ty  as a scal ing technique. 
(19831ar 1981b), however, suggests it may be a viable  method for j u d p n t -  
a1 estimation of HEPr,. 
research shows it to  be viable ,  directions for  i t s  use w i l l  be avail-  
able. 
research support. 

These tecmiques have been r e i r i e w e d  ( StUlwe l l  8 

The f ive  procedures described i n  t h i s  

This heterogenelty has helped to ensure 

This procedure, although widely used for other applica- 

Recent resear& by Embrey 

It is thus included here 80 tha t  i f  additional 

A t  t h i s  t h e ,  it cannot te recammended f o r  use without addi t ional  

The following sec t ion  of t h i s  report is its heart. 
cussion of general requirements for the  use of any judgmental procedure 
for  estimating H E P s .  
dures. 
t i ons  and worked-through examples are i n  the Appendices. 
sec t ion  contains an evaluation of the procedures and specific con- 
s t r a i n t s  on their use. 
procedures, and presents some caveats regarding t h e i r  use. 

It includes a dir- 

Following t h i s  is an aoeroiew of the f ive  proce- 
Details of their implementation, including step-by-step inotruc- 

Finally, t h i s  

The concluding sect ion discusses the use of the 

Thus, t h i s  report is primarily a "how to" document with s t rong emphasis 
on understandable guidance and ins t ruc t ions  for use. 
is meant to be practical. 

Above a l l  else, it 
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2.0 JUDGMENTAL ESTIMATION PROCEDURES 

2 b General Requirements 

Probably the  most critical requirement for  the  use of judgrental  proce- 
dures to estimate HEPs is that. the events possibly producing human 
errors being considered be defined ca re fu l ly  and canpletely. The mare 
f u l l y  the events are defined, the less they w i l l  be open to individual 
and variable in t e rp re t a t ion  by the experts judging t h e i r  likelihood. 

One of the prfmary factors involved i n  the def in i t i on  of eveuts w i l l  be 
performance shaping f a c t o r s  (PSFs) . 
factors including stress, t r a in ing ,  environmental fac toro  (noise8 temper- 
ature, etc. ), and physical layout of controls. Swain and Guttmann 
(1980) provide a taxonomy of PSFs tha t  may affect human e r ro r8  i n  NPP 
operations that is reproduced here 6s Exhibit  2-1. 

These may include a w i d e  range of 

The leve l  of de ta i l  needed i n  the de f in i t i on  of events-that i s 8  the  
number and specifity of P W s  included--will vary across different wes. 
There c l e a r l y  is a tradeoff between the  genera l i ty  of t h e  HEPs estimated 
and the s p e c i f i c i t y  of the estimates. 
great s p e c i f i c i t y  regarding t h e i r  PSFs w i l l  be easier to judge, rQqUir- 
ing r e l a t ive ly  less subjective in t e rp re t a t ion ,  and thuar less v a r i a b i l i t y  
across the judgment of multiple experts. On the other hand, HEP8 emti- 
mated for events t h a t  are mewhat more gsnerally defined, although 
possibly being subjec t  to mre v a r i a b i l i t y ,  are umable in analymen of a 
l a r g e r  number of NPP operation contexts. 
pa in t  would arise regarding whether event. nhould be defined and REPI  
estimated f o r  a spec i f i c  NpP or for a more generic set of NPP.8 8W ill 
bo i l ing  water reactor (BWR) plant8. 
d e f i n i t i o n s  to a probably r id icu lous  extreme, HEEw could be astimated 
f o r  a specific operator. 

Wents  that are &tined with 

An example i l l u s t r a t i n g  t h i 8  

Taking the level  of d e t a i l  i n  event 

The context i n  which the REPS are to be used w i l l  determine the levo1 of 
detail to  be used. For example, i f  the EiEPs are to be used fn  a PRA, 
the s t ruc tur ing  of the PRA w i l l  help def ine  the events. Xn any case, it 
is always necessary t o  define the events as clearly and canpletely an 
possible without adding detail t ha t  would make the events too specif ic  
f o r  the HEPs t o  be useful. 

Closely related to t h i s  de f in i t i ona l  problem is the  need to determine 
bounds on REP estimates as w e l l  as the naainal estimates themselves. 
‘fieme bounds w i l l  i den t i fy  the poss ib le  v a r i a b i l i t y  i n  the estimates. 
The v a r i a b i l i t y  may come from two basic sources: 
may include a broad range of l eve l s  on certain PSFs (e.g., operator 
t r a i n i n g ) ,  and the experts judging t h e  REPS may have sane fundamental 
uncertainty regarding the i r  l i k e l i h o o d  no matter how well-defined the 
events are. 
l y  defined the events, the  wider the range of bounds f o r  HEP estimates- 

t h e  events as defined 

Because of the first cause of v a r i a b i l i t y ,  t h e  more general- 
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?XAIBIT 2-1. Perfozuance Shaping ?actors 
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J o b  and Task Inatuct lonm 

Procedures requlrd 
( n l t t e n  or n o t  
w r i t t e n )  

Wr l t t en  or oral cauunt- 
catlow 

Cautions and warning# 
Work mthods 
P l a n t  pollclea and shop 

p r a c t  Ices 

Task end G q u l p r n t  
C h a r a c t e r l s t l c s  
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p r c c l a l o n  1 
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memory 
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l oad )  
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equipment, manu- 
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Suddenness of onset 
Duratlon of atresa 
Tank speed 
Task load 
Hlgh jeopardy r l s k  
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persons or agencies  
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HEP estimates should not be used without ca re fu l  consideration of accom- 
panying unc Ttainty bounds. These bounds w i l l  provide necded informa- 
t ion.  FOT example, wide uncertainty bounds imply a ce r t a in  lack of con- 
sensus among the experts regarding the estimates of HEPs. Conclusions 
drawn from HEP estimates should be based on uncertainty bounds and sensi- 
t i v i t y  analyses as w e l l  as the  HEP estimates themselves. 

In  addition, it is important before using the r e s u l t s  of any of the pro- 
cedures t o  check the consistency of judgments across experts. While 
complete agreem-nt is c l ea r ly  an unreasonable goal ( i n  fact some of the 
techniques requi re  some v a r i a b i l i t y  across experts  1, too much inconsis t -  
ency, ind ica t ing  lack of agreement among t h e  experts, w i l l  suggest t h a t  
r e s u l t s  may be of questionable val idi ty .  
cuss  procedures for consistency checks, as w e l l  as methods f o r  obtaining 
uncertainty bounds on estimates ( t h a t  may also be :elated to consistency 
across experts). 

Thus, i n  t h i s  report we dis- 

Final ly ,  i n  order to use any of the procedures discussed here, appropri- 
ate experts  must be available to make the required judgments. Later in 
t P i s  section, specific requirements (e.g., t he  nr\mber) regarding experts 
f o r  each of the  techniques are discussed. Here, the  focus is on general  
requirements includin9 wkiat types and mixes of experts to use. &per- 
tise of the following types may be useful: 

0 human €actors, 

0 NPP operators, 

0 NPP supervisory personnel, 

0 nuclear and system engineers (preferably with.  some exposure to 
human engineering),  and 

0 human factors, operating, supervisory, and syptem engineering 
knowledge of non-NPP contexts t h a t  are similar, cog., chemical 
processing p l an t s  or mi l i ta ry  weapons systems. 

To the exten t  possible, t he  widest range of exper t i se  should be used for 
the appl icat ion of any of the procedureL. 
ever, to  ensure that pa r t i cu la r ly  cr i t ical  expert ise  be used. 
i t  is probably not  advantageous to reduce the number of human fac to r  
ex.perts with extensive experience i n  NPP operations i n  order to add 
exper t s  on human fac tors  i n  mi l i ta ry  weapons systems. 

It is also important, how- 
That is, 

2.2 Overview of Procedures 

I n  t h i s  subsection, we describe b r i e f l y  the f ive  procedures t h a t  are 
considered here. 
d i x  A. Also note that  dl1 evaluations of these procedures are reserved 
f o r  the following subsections. 

Details of their implementation are provided i n  Appen- 
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2 -2.1 Paired comparison procedure. A de ta i l ed  description of the 
paired comparison procedure is  given i n  Section A.2 of Appendix A. This 
procedure requires judgments of the type "event i is more l i k e l y  than 
event j." Using judgments of this type from several experts for a set 
of events and Thurstone's (1927) Law of Comparative Judgment, a n  inter-  
v a l  scale of l ikelihood can be derived (Torgerson, 1958). This  model 
assumes tha t  each event l ikelihood is represented by a di-mtribution of 
subject ive magnitude, and t h a t  the d i s t r i b u t i o n  is normal. I n  comparing 
t h e  Likelihood of two events, a magnitude is  selected r a d c a l y  from each 
distrLbution and t h e  e-rent with the higher subject ive magnl tude is 
reported to be more Likely. Taken across experts, t h e  proportion of 
times a n  event i i s  judged to  be more l i k e l y  than event j is then trans- 
formed i n t o  a normal deviate. The average of a l l  such normal deviates 
f o r  a particular event i n  comparison with a l l  other  events is then taken 
as the scale value of likel!"lood f o r  tha' event. 

In t he  general  case, a l l  pairs of k events are judged, r e q u i r i n g  
k(k-1)/2 judgments from each judge. There are procedures t h a t  can be 
used to  reduce t h e  total  number of paired comparison judgments any 
expert  must make. If many expe r t s  are accessible, each expert need not  
make a l l  possible comparisons. With a total  of n judges and i f  a mini- 
mum of m judgments per pair are needed for  a reliable scale, each judge 
must make only 100m/n percerlt of a l l  possible paired comparisons. The 
pairs judged by t h e  experts must be appropriately counterbalanced to 
minimize biases. One counter-balancing approach would be t o  have each 
judge i, i=l,...n, judge pairs ( i - l ) t / n+ l  through ( i - l ) t /n+mt /n ,  where t 
is the  to ta l  number of possible paired comparisons. Note t h a t  i n  t h i s  . 
formula, pair  t+l, i s  pa i r  1, etc. For example, with four expek t s  
(n=4), a requirement for two judgments per pair (m-21, and nine events 
(k=9), thus  making t=k(k-1)/2=36; expert  one would judge pairs one 
( ( i - l ) t / n + l = l )  through 18 ( ( i - l ) t / n  mt/n=l8).  E x p e r t - t w o  would judge 
pairs 10 through 27; expert  th ree ,  p a i r s  19 through 36; and expert four, 
pairs 28 through 9 ( 2 8  to 36 and 1 to  9 ) .  

Other procedures allow a l l  experts to make a l l  required paired compari- 
sons, but  reduce t h e  number of paired comparisons needed. One method is 
t o  use a subset of the events as standards. Each event is then compared 
only with a l l  standards. 
across the range of event probabilities. 

The standards should be selected to be spread 

A second procedure, requiring a rough i n i t i a l  ordering, involves divid- 
ing  the  total s e t  of events i;ito overlapping subsets of events. Within 
a subset,  each event is compre.? against  a l l  o thers  and the  usual  proce- 
dure i,s used to der ive scqle values within each subset. 

The overlapping events are then .!sed to create a j o i n t  scale of a l l  
events. Each subset  must include a t  least two events i n  common with 
another subset. The t w o  canmon everits can be used to  transform the  
scale values of one subset i n t o  scalp values which are on the same scale 
as those of the  second subset. FCZ example, f o r  two subsets X and Y 
with events e and f i n  common, tb equations 
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and 
Y X 

sf = asf + b, 

Y X Y  X 
where s,, set sf, and sf are the scale values f o r  event e i n  subset Y, 
event e i n  subset  X, event f i n  subse t  Y, and event  f i n  subset X I  re- 
spectively; would be solved f o r  a and b. Then a l l  sca le  values i n  sub- 
set X would be multiplied by a and added to b to obtain new scale values 
which would be orl the same scale as events i n  Y. I f  subsets have more 
than two events i l l  common, least-squares procedures can be used to  solve 
f o r  a and b. 

A similar type of procedure can be used w i t h  nori-overlapping subsets and 
a set of standard events. 
overlapF++ng s t imul i  among subsets. 

In effect, the standard events become the  

This sc,:le must then be transformed i n t o  a probability scale by assuming 
some f ixed  re la t ionship  between the scale values and probabi l i t ies .  
Previc.us research ( H u n n s  and Daniels, undated; POntecomo, 1966) SUg- 
gests  that a logarithmic re la t ionship  i s  most appropriate, i.e. 

log p i  = asi + b 

where pi is  the estimated probabi l i ty  of event i, s i  is the  scale value 
of event i, and a and b a r e  constants. 
the  probabilities of a t  least two events must be known or estimated inde- 
pendently. I f  possible, more than two events should be used to increase 
the  reliability of the calibration. fn  general, i f  two events are used, 
they should be near the upper and lower ends of the scale. 

In order to determine a and b, 

If two human errors w i t h  known or val id ly  estimated probab i l i t i e s  cannot 
be included i n  the  set of events being considered, two approach- to  
determining these constants a r e  possible. 
of a d i f f e ren t  type, e.g., death from d i f f e ren t  causes, w i t h  known PrOba- 
bilities. This may require judgments t ha t  are d i f f i c u l t  to make about 
events on which L\e judges are not pa r t i cu la r ly  expert thus leading t o  
questionable c a l s :  Lation. 
mental estimates of t r 2  HEPS. 
ing d i r ec t ly  cn wnic'. of these procedures is more appropriate. Our 
recommendation is me the latter method, with careful ly  selected 
human errors. The errors used should be those that the experts  can best 
estimate,  and those f o r  which evidence regarding their probabiuties i S  
best, e.g., from Swain and Guttmann (1980). 

One is to include two events 

The other is to have experts make direct judg- 
A t  this point,  there is no research bear- 

Another re la t ionship  t h a t  might be appropriate rather than the  logar i th-  
m i c  r e la t ionship  is a power re la t ionship  (Stevens, 1975): 

pi = exp((1og s i  - log a) /b) .  
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It, however, has not been studied i n  the context of r e l a t ing  i n t e r v a l  
scale values of l ikelihood t o  probabilities, so u n t i l  fu r the r  research 
can be performed, we recommend use of the logarithmic relationship.  

In  addi t ion to the  r a t iona le  underlying t h e  Law of Comparative Judgment, 
and i ts  widespread use i n  psychological scaling; a major j u s t i f i c a t i o n  
for the  use of the paired compariscm procedure is  the  argument t h a t  
people are much better able to make qua l i t a t ive ,  r e l a t i v e  judgments of 
the type required than they are to  make numerical estimates. This seems 
to  be p a r t i c u l a r l y  t rue  f o r  extreme numerical estimates such as the very 
small probabi l i  ties es timaeed f o r  most H E P s .  For example, Lichtenstein -- e t  al . ,  (1978) found t h a t  subjects were generally able to judge correct- 
l y  which of two events was more l i k e l y  ( i f  one event was a t  least twice 
as l i k e l y  as the o ther ) ,  but w e r e  not very good a t  estimating numerical- 
l y  t he  r e l a t i v e  l ikelihood of the  two events. Thus, i f  the  q u a l i t a t i v e  
information i n  paired comparisons can be used t@ derive probabi l i ty  esti- 
mates without requir ing inva l id  addi t ional  assumptions, t h e  HEPs pro- 
duced w i l l  have a sound judgmental basis. 

2.2.2 Ranking or r a t i n 2  procedure. Ranking and r a t ing  have %en i n -  
cluded as a s i n z e  procedure because, although the  judgments required 
are somewhat d i f f e ren t ,  t he  psychological model underlying t h e  develop- 
ment of HEPs fr9m ranking or r a t i n g  judgments i s  the  same. 
desc r ip t ion  of th i s  procedure is given Cn Section A.3 of Appendix A* 

A Complete 

Ranking requires each expert  to rank order the set of human errors 
according t o  t h e i r  l ikelihood of occurrence. The r a t ing  procedure 
requires  each expert  t o  judge each event on a given scale, e.g. , from 
one to ten. (Results are general ly  in sens i t i ve  to exact form of the 
r a t i n g  scale, Bock and Jones, 1968.) These techniques can be considered 
together as one procedure because, i n  e f f ec t ,  each rank can be consid- 
ered a d i f f e r e n t  rating. 

The underlying- psychological model f o r  producing scales of l ikelihood 
from ranking/rating judgments is the  Law of Categorical  Judgm .t (Tor- 
gerson, 19581, which is based cm psychclogical p r inc ipa l s  s imi l a r  to 
those for t h e  Law of Comparative Judgment. Again, the l ikelihood of 
each e-Jent is assumed to  be represented by a normal d i s t r i b u t i o n  of sub- 
j e c t i v e  magnitude. Category boundaries, i.e., the  boundaries between 
d i f f e r e n t  rankings or d i f f e r e n t  r a t ing  categories, are  also assumed to 
produce a normal d i s t r ibu t ion  of subject ive magnitude. 
and boundaries are scaled using a procedure similar to that f o r  paired 
comparisons. 

Then both events 

As with paired comparisons, t h e  r e s u l t  of applying t h e  Law of Categor- 
i ca l  Judgment is an i n t e r v a l  scale of likelihood. 
transformed i n t o  a prolzbkility scale using t h e  same methods as described 
for paired comparisons. 

This must then be 
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Ranking and ra t ing  judgments, as w e l l  as paired comparisons, are consid- 
ered to  be less suscept ible  t o  bias than are numerical judgments. As 
discussed below t h e  choice among these procedures w i l l  usua l ly  be made 
on p rac t i ca l  grounds 

2.2 $ 3  D i r e c t  numerical estimation. The direct estimation procedure 
(described i n  Section A.4 of Appendix A) requires  the experts to provide 
estimates of the l ikelihood of the human errors .  The estimates may be 
e i t h e r  i n  probabilities o r  i n  odds, and the  response mode may vary. 
Responses may be wr i t t en  numbers, marks on a scale, or any of a number 
of o ther  responses ( S t i l l w e l l  e t  al., 1982). Odds responses on a logs- 
rithmicly-spaced scale appears to be the  best d i r e c t  estimation proce- 
dure, pa r t i cu la r ly  f o r  r e l a t ive ly  unlikely events as many human errors 
are . 

-- 

When H E P s  are estimated using the  direct estimation procedure, some 
means of aggregating estimates across experts is needed to produce a 
s ing le  probabi l i ty  estimate f o r  each human error. For paired compari- 
sons and ranking/rating the  underlying model spec i f i e s  how this aggre- 
gat ion i s  to be accomplished. For direct estimation, t h i s  is not the 
case, so any of a number of procedures can be used ranging from Delphi 
to  simple averaging ( S t i l l w e l l  -- e t  al . ,  1982). Since t h i s  same question 
of how to aggregate across experts also arises f o r  i n d i r e c t  numerical 
es t imat ion and f o r  mul t i a t t r i bu te  u t i l i t y  measurement, a de ta i led  dis- 
cussion of t h i s  problem is presented following the  discussion of these 
t w o  procedures. 

2.2.4 Indi rec t  numerical estimation. As described i n  d e t a i l  i n  Section 
A.5, Appendix A, this procedure requires  each expert to compare pairs of 
events and to make r a t i o  judgments as to how much more l i k e l y  one event 
is than the  other. Each event must be compared w i t h  a t  least one other 
event, such t h a t  a l l  events are linked. For example, W i t h  four ewentS, 
a, b, c, and d, a would be compared w i t h  b, b with c, and c with d. 
Thus, with n events, n-1 judgments are needed. 

In order  to convert these ratios i n t o  probabilities, the probability Of 
one event must be known or  estimated independently. Procedures f o r  ob- 
t a in ing  t h i s  probabi l i ty  are the same as those discussed f o r  paired Can-  
prisons.  Other probabi l i t i es  are then calculated by applying the appro- 
p r i a t e  ratios to t h i s  probabili ty.  As with d i r e c t  estimation, some pro- 
cedure is required to aggregate e s t i m a t e s  across experts.  
cussed below. 

This is dis-  

2.2.5 Mult ia t t r ibu te  u t i l i t y  measurement. A s  was noted i n  the i n t r e  
duction, t h i s  procedure is st i l l  i n  an i n i t i a l  developmental s tage,  and 
thus is not recommended f o r  use u n t i l  addi t ional  research documents its 
va l id i ty .  It is, however, an in t e re s t ing  poss ib i l i t y ,  and preliminary 
studies by Embrey (1981a, 1981b) suggest t h i s  procedure may be useful. 
Several  var ia t ions are possible,  w i t h  the  procedure described i n  Section 
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. .  

A.6 of Appendix A based on Embrey’s work appearing to  be the m o s t  pranis- 
ing . 
As used by Embrey, t h e  procedure is based on methods advocated by 
Edwards (1977). The f i r s t  step i n  the  procedure is.,to i den t i fy  the  PSFs 
t h a t  are m o s t  re levant  tp the  events being considered. The choice of 
t h i s  set of PSFs is based on a consensus of experts making t h e  judg- 
ments. Edwards (1977) argues t h a t  the  number of PSFs should not be more 
than 11, and t h a t  seven is a reasonable number t o  consider. These PSFs 
are then weighted regarding t h e i r  relevancy to  producing errors for t h e  
set of events under consideration. These weights are general  i n  
t h a t  they would apply t o  a l l  sets of events. 
judgmentally by the  experts using a procedure described i n  t h e  Appendix- 

---- 
The weights are assessed 

Then each event must be rated with regard to  how much each PSF degrades 
or enhances the l i k e l i h o o d  of an error. Numerical ra t ings  on a 0 to  100 
scale are used. A r a t i n g  of 0 i na i ca t e s  t h a t  t h e  pa r t i cu la r  PSF has a 
maximally degrading e f F e c t  f o r  t h a t  event, while a ra t ing  of 100  implies 
a maximum enhancing effect. For example, i f  t h e  PSF is t h e  amount of 
feedback received by an  operator,  a r a t ing  of 0 might ind ica te  mislead- 
ing or incor rec t  feedback, 50 would ind ica te  no feedback, and 100 would 
be the  provision of accurate, canplete, and timely feedback. 
important to  have descr ipt ive anchors for these scales to maintain con- 
s i s tency  across  experts.  

It is 

&n index of human error l ikel ihood is then derived using a weighted addi- 
t i v e  model: 

where Si  is the Ukelihood scale value of event i, NWj is the  nonnabited 
weight f o r  PSF is t h e  r a t ing  of the e f f ec t  of PSFj on event i- 

be transformed i n t o  probabilities using the  methods discussed f o r  paired 
comparisons. 

Since t h e  produced is again an in t e rva l  scale ,  it must 

Aggregation of estimates across experts  can be undertaken ak e i the r  of 
two points:  a s  individual  weights and ra t ings  are assessed, or after 
probabilities are derived using each expert’s individual assessments. 
Our recanmendation regarding where aggregation should ‘take place depends 
upon the  procedure used to aggregate (see discussion b e l o w ) .  
ac t ion  among the  experts  during t h e  estimation process does not oCCuTl 
aggregation should take place a f t e r  probabilities have been derived 
individual ly  for  each expert. 
i n t e rac t ion  and discussion among the  experts, t h e  agpega t io?  should 
occur f o r  each weight and r a t i n g  judgment. 

If in t e t -  

I f ,  however, there  is an opportunity for 

202.6 Aggregating individual  judgments. A s  noted above, f o r  the  direct 
numerical, i nd i r ec t  numerical, and mul t ia t t r ibu te  u t i l i t y  proCedWe6, 
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some method is needed to aggregate the HEP estimates of individual ex- 
perts i n t o  a s ing le  estimate. Two methods are advocated, w i t h  the  
choice between t h e m  depending pr imari ly  upon whether or  not the experts  
are physical ly  together t o  discuss i.nformation- and i n t e r a c t  while making 
judgments. (Additional considerations regarding t h i s  choice are dis- 
cussed i n  the following subsections.) 

One method is simply to combine mathematically the  individual estimates. 
This can, of course, be used when experts have no opportunity to in t e r -  
act d i rec t ly .  
involving feedback and multiple estimates, because research has shown 
t h a t  the addi t ional  effort required for  the Delphi method does not 
increase  the va l id i ty  of estimates (Seaver, 1976, 1978). 

W e  recommend t h i s  method, as opposed to a Delphi method 

The aggregation rule w e  suggest is: 

i s  the aggregated probabi l i ty  assigned to event j ,  Pij8 is the 
I",",G%Lty estimated for event j by expert  i, and m is the  number of 
experts. This rule is appropriate only f o r  hinary events, i.e., those 
which e i t h e r  occur or do not occur. Bordley (1982) provides theo re t i ca l  
j u s t i f i c a t i o n  for t h i s  rule ,  and Seaver (1978) has shown t h i s  to be a 
good aggregation r u l e  w i t h  empirical  results. 

The second method is  based on the Nominal Group Technique (NGT) ( D e l b e c q  -- e t  al., 1975) t h a t  guides and controls  in te rac t ion  among the  experts. 
It i s  meant to  allow f o r  the  exchange of ideas and information while 
attempting t o  cont ro l  f o r  extraneous influences t h a t  may a f f e c t  judg- 
ments such as pressure fo r  conformity, o r  domination by ce r t a in  experts 
because of personality. The NGT, however, because it does a l l o w  some 
discussion among experts  may not  completely control  these extraneous 
influences. Typical use of the NGT includes the following steps. 

1. Each expert m a k e s  a pr iva te  judgment i n  the presence of a l l  
experts without discussion. 

2. Again without discussion, each expert's judgment is presented 
to  a l l  exper+.s. 

3. Judgments are discussed f o r  c l a r i f i c a t i o n  and evaluation under 
the cont ro l  of a discussion leader who is responsible fo r  pre- 
venting dominance and focusing on relevant  issues. 

4. Each expert  then reconsiders h i s h e r  judgment without fur ther  
discussion. 
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5. These f i n a l  judgments are combined using a mathematical rule 

For d i r e c t  and i n d i r e c t  numerical procedures, these  steps would be fo l -  
lowed f o r  each event and the  judgments would be those required by the  
procedure. The aggregation r u l e  would be the  ru l e  g iven  above. 

For *,e mul t i a t t r i bu te  u t i l i t y  procedure, these  steps would be followed 
once €or judgments of weights. That is, each expert  would make a l l  
weight judgments (step 1) and then proceed through steps 2-4 considering 
a l l  weights a t  each step. The aggregation ru le  f o r  weights is to  take  
the geometric mean of the (unnonnalized 1 individual judgments, i.ea 

where W .  is  the (unnonnalized 1 weight for PSF , W i j  is the lunnomal- 3 i z e d )  weight assigned by exper t  i to PSFj, ad m is the number of 
experts. 

The ra t ing  of each event on each PSF should a l so  follow these f ive  
steps. In t h i s  case, a l l  steps should be car r ied  ou t  for  t he  r a t ing  of 
one event on one PSF before proceeding t o  the next rating. 
t i o n  r u l e  used f o r  r a t ings  should be a simple average of the experts '  
r a t ings  

The aggrega- 

2.3 Evaluation of Procedures - 
The procedures described above represent a set of procedures from which 
one procedure may be se lec ted  f o r  any spec i f i c  application. Which pro- 
cedure should be se lec ted  w i l l  depend upon what use i s  to be made of the 
HEPS, t he  values and preferences of the  person (people) obtaining t h e  
estimates, and specific s i t u a t i o n a l  constraints. These latter con- 
s t r a i n t s  are discussed i n  d e t a i l  i n  t he  following subsection. Here the  
focus is on a general evaluation of the  s t rengths  and weaknesses of the 
procedures. 

lPhe following criteria have been iden t i f i ed  as important f o r  the war- 
uation of t he  procedures : 

e qua l i ty  of the judgments required, 

e d i f f i c u l t y  of data co l l ec t ion ,  

0 empirical support f o r  procedure, 

e accep tab i l i t y  to  experts making judgments, 

8 theo re t i ca l  j u s t i f i c a t i o n ,  and 
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e data processing requirements. 

Exhibit  2-2 presents a rank ordering of the f i v e  procedures on each of 
these criteria, based on review of the use of these procedures and our 
experience w i t h  t h e m .  Below,  the basis of these rankings on each C r i -  
t e r i o n  is  discussed. It also ranks the two procedures for aggregating 
ind iv idua l  estimates that are required for t h e  direct numerical, ind i -  
rect numerical, and mult ia t t r ibu te  u t i l i t y  gwocedures. 

Regarding Exhibit  2-2, several poin ts  m u s t  be made. F i r s t ,  it should 
serve only a s  a guide to be used i n  conjunction w i t h  good professional  
judgment, not  as a decision table. (For example, one should not neces- 
s a r i l y  use the procedure with the lowest sum of rank orders. ) Second, 
i n  using t h i s  exhibit as a guide, the  user should consider the  relative 
importance of the criteria. In most cases the 'quality of judgment" and 
"empirical support" criteria may be the m o s t  important. The user should 
also note that because the en t r i e s  are rank orders,  they do not ind ica te  
how much better or worse one procedure is compared to another on the  
criteria. Finally,  i n  the evaluation here, p r a c t i c a l  s i t ua t iona l  con- 
s t r a i n t s  are na t  included. These are discussed i n  Section 2.4 along 
with their implications f o r  se lec t ing  a procedure. 
the best procedure possible based on the information i n  Exhibi t  2-2 and 
the  following discussion within the practical cons t ra in ts  of the s i tua-  
t ion.  

A use r  should select 

2.3.1 Quality of judgments. This c r i t e r i o n  refers to accuracy of -the 
basic judgmentsrequired by the procedure. It is important t o  keep i n  
mind here that the X E P s  being estimated w i l l  general ly  be Quite small. 
Were they larger ,  the direct numerical procedure would not  be ranked So 
low. Its ranking here  r e f l e c t s  t h a t  people generally have great d i f f i -  
cu l ty  i n  assigning very small probabi l i t ies .  
i ties (e.g., .1 to -91, direct estimates can be expected to be reason- 
ably accurate. 

For less extreme probabil- 

There is a considerable body of research showing people make better rela- 
tive, i n d i r e c t  numerical j u d p e n t s  (i.e., l ikellhood ratios 1 than d i r e c t  
estimates (e.g., Lichtenstein -- e t  al., 1978; see also S t i l l w e l l  - e t  -- al., 
1982 f o r  a review). People are even better a t  non-numerical judgments 
such as those required for paired comparisons, rankings, or ratings.  
Among these types of judgments, paired comparisons seem to  produce 
higher qua l i t y  judgments because they require a comparison between only 
two events r a the r  than simultaneous consideration of more than two 
events (ranking) or comparison of an event w i t h  multiple categories (rat- 
ing).  

As noted earlier, t h e  mul t ia t t r ibu te  u t i l i t y  procedure has not previous- 
l y  been used to estimate probabilities so L i t t l e  is known about the qual- 
i t y  of these judgments. It has been used extensively on other problems, 
but  very l i t t l e  a t t en t ion  has been given to va l id i ty  studies. 
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EXHIBIT 2-2. Rank Order of Procedures on Each Evaluation Criterion1 

Evaluation 
Criteria .- 

Quality of Judgment 

Dff f i c u l t y  of Data Collection 

Empirical Support 

Acceptability to Experts 

Theoretical  Jus t i f i ca t ion  

Data Processing 

Procedure 

rl m 
0 
.-I 

i 7 
z 
& 
U 
9) 
Id 

.I4 
13 

rl la 
0 

.rl 
k 

f z 
U 
0 
9) 
& 
-4 a E w 

1 2 4 3 3 

4 1 2 3 5 

3 4 1 1 5 

1 2 5 4 3 

1 1 4 4 3 

5 4 1 2 3 

1 1 

1 2 

1 1 

2 1 

2 L 

1 1 

NOTE: C a r e  must be taken i n  in t e rp re t ing  the  numbers i n  t h i s  table. They 
ind ica t e  only rank orders and should not be in te rpre ted  as absolute 
ra t ings .  
better on t h a t  c r i t e r i o n  than other procedures. 
any judgment regarding the  absolute qua l i t y  of t h e  procedure. 
numbers should be in t e rp re t ed  only i n  conjunction with discussion i n  
accompanying t ex t .  

That is  "1" means only tha t  t h e  p a r t i c u l a r  procedure is 
I t  does not  imply 

A l l  

hanks fran 1 to 5 are fran best to worst. 

'Applies only for direct numerical i n d i r e c t  numerical and mult i a t t r i b u t e  
u t i l i t y  procedures. 
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With respect to the  two aggregation methods, research has shown t h a t  
they produce very similar r e s u l t s  with no s i g n i f i c a n t  differences i n  
q u a l i t y  (Seaver, 1978; S t i l l w e l l  -- e t  al . ,  1982). 

2.3.2 Dif f i cu l ty  of data col lect ion.  This c r i t e r i o n  refers to such 
f ac to r s  as the  t i m e  and e f f o r t  required of both the  experts and t h e  
people obtaining t h e  estimates. It  may involve designing t h e  data col- 
l ec t ion  process, developing appropriate response forms, t r a in ing  experts 
i n  the  judgments required, and making the  judgments. 

The m u l t i a t t r i b u t e  u t i l i t y  proctdure appears to be t h e  m o s t  t i m e  consum- 
ing and d i f f i c u l t  to implement. It  requires the experts to define the  
PSFs to be included i n  t h e  assessments. 
weight judgments and m x n r a t ings  of events w i t h  respect to the PSFs 
where m is  the  number of PSFs included and n is the  number of events. 
I n  addi t ion ,  t he  judgments required (weights and ra t ings)  are compli- 
cated ones, so considerable t r a in ing  and/or ins t ruc t ions  w i l l  be 
required to e l ic i t  these judgments. 

Less complicated judgments are required f o r  paired comparisons, ranking, 
or r a t i n g  procedures so t r a in ing  t i m e  and in s t ruc t ions  w i l l  be less. A 
large number of judgments, however, is required f o r  the paired compari- 
son procedure. Ranking/rating, direct numerical, and ind i r ec t  numer!.cal 
procedures each require approximately one judgment per event, although 
ranking may be somewhat more d i f f i c u l t  than r a t i n g  i n  this respect. For 
numerical judgments some t r a in ing  and/or ins t ruc t ions  should be provided 
regarding biases t h a t  t yp ica l ly  occur i n  such judgments ( § t i l l w e l l  et - al . ,  1982). 

Each expert  must then make m - 1  

U s e  of t he  in t e rac t ive  NGT is c l ea r ly  a much more d i f f i c u l t  d a t a  collec- 
t i o n  technique. 
they are then allowed to  exchange information and d iscuss  judgments 
which w i l l  require  considerable t i m e .  
someone involved i n  obtaining t h e  estimates to lead the group. 

A l l  the experts  must be assembled i n  one place, and 

It w i l l  also require  t h e  t i m e  of 

2.3.3 Empirical support. Ranking on this c r i t e r i o n  is based on the  
extent  t o  which the procedure has been empirically tested as a means of 
estimating probabilities . The mul t i a t t r i bu te  u t i l i t y  procedure has very 
l i t t l e  empirical support. Embrey (1981b) describes a small-scale, pre- 
l iminary test of the  methodology t h a t  produced some pranising results i n  
terms of t h e  agreement between probabi l i t ies  obtained with the  proceduze 
and known p robab i l i t i e s  . These r e s u l t s  are somewhat controversial ,  how- 
ever, because of a l o w  degree of interjudge consistency and because the  
probabilities being estimated w e r e  not extreme as H E P s  are l ike ly  to be. 

Although there  has been considerable empirical support f o r  the  use of 
paired comparisons and ranking or r a t ing  as scal ing techniques, they 
have n o t  received much a t t e n t i o n  as procedures for estimating probabil- 
i t ies.  Blanchard -- e t  a l . ,  (1966) and Rigby and Edelman (1968) have used 
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pair 9 cmparisons i huma r e l i a b i l i t y  a l y s i s ,  and Hunns and Daniels 
(undated) used the  procedure t o  estimate the  probabi l i ty  of a t r a i n  
disaster. Some unpublished work by S t i l l w e l l  and Seaver used paired 
comparison information to estimate the  probabi l i ty  of death from various 
causes and obtained a cor re la t ion  of .75 between estimated p robab i l i t i e s  
and r e l a t i v e  frequencies. 

A par t i cu la r ly  weak l i n k  i n  both procedures is the transformation of t he  
scale values i n t o  probabi l i t i es .  
has  been suggested (Hunns and Daniels, undated; Pontecomo, 19661, empir- 
ical support is weak. 

Although a logarithmic re la t ionship  

Direct and ind i rec t  numerical procedures are both supported by an  exten- 
s ive  amount of research and practical appl icat ion ( s e e  S t i l l w e l l  et al.,  
1982). L i t t l e  of t h i s  support, however, r e f l e c t s  estimation of very 
small probabi l i t i es .  

Far the  three procedures requiring some type of aggregation, both mathe- 
metical aggregation and the  NGT have considerable support (e-g., Seaver, 
1976, 1978; S t i l l w e l l  et s. 8 1982). The NGT method also has been used 
extensively i n  problem solving tasks where probabi l i ty  estimates or 
other  numerical judgments are not required (e.g., D e l b e c q  e t  al, 1975). 

2.3.4 Acceptabili ty to experts. The acceptabi l i ty  of the procedure to 
t h e  experts providing judgments i s  important because i f  t he  resu l t ing  
HEP estimates axe to be used, they  must have the  support of the  experts. 
This support w i l l  occur only i f  the  experts a r e  s a t i s f i e d  with t h e  way 
i n  which the  H E P s  were estimated. The procedure must a l so  be accepted 
by users of the  HEPs, e.q. , PRA specialists, and by regulators  (e.F. 8 

NRC) who make decisions based on t h i s  information. 

The numerical judgment procedures may be the  least acceptable because 
experts  may fee l  t h a t  an accurate probabi l i ty  or r e l a t ive  l ikelihood 
judgment cannot be made (even though research has shown t h a t  i n  many 
cases they can be). 
l a r l y  susceptable to  t h i s  criticism because of the  extremeness of the  

The d i r ec t  numerical judgment procedure is particu- 

HEPS 

The mul t ia t t r ibu te  u t i l i t y  procedure has considerahle face va l id i ty ,  
primarily because it deals exp l i c i t l y  with PSFs t h a t  human fac to r s  
experts w i l l  f ee l  are very important considerations i n  estimating H I P S .  
In  t h i s  procedure, however, the  experts  may be somewhat uncomfortable 
with the  unusual nature of the  judgments required. 

Ranking, ra t ing ,  and pa r t i cu la r ly  paired comparisons are l ike ly  t o  be 
m o r e  acceptable because the judgments are r e l a t ive ly  simple onesr and 
the  experts may be expected to  bel ieve they can make such judgments 
r e l a t i v e l y  w e l l .  Questions of acceptab i l i ty  may a r i s e ,  however, because 
the  experts do not understand how these judgments a r e  used to  derive 
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H E P s .  
a t ion  of the  procedures. 

These questions may be p a r t i a l l y  a l lev ia ted  by a carefu l  explan- 

With respect to aggregation m e t h o d s ,  t h i s  c r i t e r i o n  is very important. 
Experts are much more l ike ly  to  accept a procedure such as the  NGT i n  
which &hey have a chance to in t e rac t  and discuss information with col- 
leagues, so they can consider more information and can understand rea- 
sons f o r  differences i n  judgments. 
shown that  involvement i n  a group produces a s t rong  fee l ing  of respons- 
i b i l i t y  for and acceptance of group products and decisions (Seaver, 

Social psychological research has 

1976) 

2.3.5 Theoretical  j u s t i f i ca t ion .  This c r i t e r i o n  re fers  to the  extent  
t o  which a formal model underlies the  procedure. 
t heo re t i ca l  j u s t i f i c a t i o n  f o r  the numerical procedures : 
t i o n  is derived empirically. 
have a very strong theore t ica l  basis (Keeney and Raiffa, 197618 but not 
as a probabi l i ty  estimation procedure. In addition, there  is no under- 
lying psychological theory f o r  the  types of judgmnts  required. 

There is no pa r t i cu la r  
t h e i r  ju8 t i f  ica- 

Mult ia t t r ibute  u t i l i t y  measurement does 

On the  other  hand, both paired canparisone and r ank indra t ing  are based 
on well-established psychclogical theories of judgment (Torgetson, 
1958). 
t i o n  as probabi l i ty  estimation procedures. Again the  weak l i n k  theore- 
t i c a l l y  is the  transformation from scale values to probabi l i t i as ,  which 
m u s t  be j u s t i f i e d  empirically. 

But these t w o  procedures also suffer f r o m  a lack of j u s t i f i ca -  

The NGT w a s  developed on an extensive review of psychological theory 
regarding group processes ( D e l b e c q  ets., 1975). 
ical models used for aggregation ( i n  t h e  NGT as w e l l  as with no interac- 
t i o n )  are based on a theore t ica l  m&l, they have been simplified to ba 
p r a c t i c a l  w i t h  empirical support for t he  s impl i f ica t ion  ( Soaver b 1978 1 

While the mathemat- 

2.3.6 Data processing requirements. This c r i t e r i o n  refer8 to the  
amount of analysis  required a f t e r  the  experts provide judgments to pro- 
duce HEPs- 
reo re d i f f i c u l t  processing. 
o r  & d a t i v e l y  e a s i l y  with a calculator .  
b ly  less important than the  others. 

As can be seen f ran  Appendix A, none of the  procedures 
All  processing can be performed by hand 

Thue, t h i s  c r i t e r i o n  is proba- 

‘fie pair& canparison and ranking/rating procedures requtre the most 
processing. P a i r e d  cunparisons require s l i g h t l y  more because of t h e  
necessary c o l l a t i o n  of the paired canparison judgments. 
i ng  required is  simply averaging and t r ans l a t ing  scale values i n t o  proba- 
bil i t ies.  

Other paocess- 

The mul t i a t t r i bu te  u t i l i t y  procedure uses a weighted additive model tm 
derive scale values, t h a t  are then  t r ans l a t ed  i n t o  probabilities. It, 
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also requires aggregation of es t imates  across experts.  In t h e  ind i r ec t  
numerical procedure, probabilities are ca lcu la ted  by simple multiplica- 
t i o n  and are aggregated across experts.  The direct numerical procedure 
requires only aggregation across experts.  

Both aggregation procedures use the  same aggregation rules, except i f  
t h e  NGT is used with t h e  mul t i a t t r i bu te  u t i l i t y  procedure. Then more 
aggregations must be performed. 

2.4 Si tua t iona l  Constraints  

Many f ac to r s  i n  the  spec i f i c  context in which HEPs are tc, be obtained 
may inf luence the  se l ec t ion  of a p a r t i c u l a r  estimation procedure. These 
f a c t o r s  

0 

0 

0 

0 

0 

include : 

number of exper t s  ava i lab le ,  

number of HEPs t o  be estimated, 

t i m e  ava i lab le  to produce estimates, 

type of experts  available , 
physical location of experts,  

s p e c i f i c i t y  of t h e  errors considered, 

s imi l a r i t y  of e r ro r s  considered, 

order  of magnitude of t h e  errors, 

a v a i l a b i l i t y  r - f  independent estimates of aome HEPS, and 

re sources ava i lab le  . 
The number of exper t s  ava i lab le  is p a r t i c u l a r l y  cr i t ical ,  s i n c e  the 
paired comparison and rankingfrat ing procedures r equ i r e  r e l a t i v e l y  more 
experts. Appendix B discusses the  implicat ions of t h e  number of experts 
used f o r  r e l i a b i l i t y  of and uncertainty bounds for HEPs estimated by t h e  
paired canparison procedure. 
same, t hese  implicat ions also apply to  the  ranking/rating procedure. 
The results i n  Appendix B suggest  t h a t  reasonable r e l i a b i l i t y  can be 
obtained with as few as  e igh t  experts ,  o r  even fewer i n  some circum- 
stances.  However, i f  only smaller numbers of exper t s  can make the judg- 
ments, pa i red  canparison and ranking/rating procedures may not  be su f f i -  
c i e n t l y  reliable. 

Because the  underlying model is much the 
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As also noted i n  Appendix B, t h e  number of HEPs to be estimated affects 
t h e  r e l i a b i l i t y  of esthates derived from paired comparisons (and 
ranking/rating as w e l l ) .  
trade off aga3.net. t h e  number of judgments required which increases  
r ap id ly  as the number of events considered increases. 

However, for paired canpatisons, t h i o  must 

Although there are some techniques for reducing t h e  number of judgments 
required (discussed previously with a specific example i n  Appendix A), 
estimation of a l a rge  number of HEPs using paired comparisons w i l l  take 
either considerable time from each exper t  or a large number of experts. 
If a large number of HEPs are needed and the re  are limitations on time 
and t h e  number of experts avai lable ,  procedures other than paired campar- 
i sons  may be more e f f i c i e n t .  

The degree to which the time ava i l ab le  to make the  estimates constrains 
s e l e c t i o n  of a procedure obviously is dependent upon the number of 
expe r t s  ava i lab le  and the  number of HEPs to be estimated. The more 
exper t s  and fewer HEPs to  be estimated, the  less important time con- 
s t r a i n t s  are. To the ex ten t  t h a t  time does cons t ra in  the  estimation 
process, direct and indLrect numerical and ranking/rating procedures 
w i l l  require t h e  least time. 

The type of exper t s  avai lable ,  p a r t i c u l a r l y  with respect: to understand- 
i n g  and being camfortable w i t h  t h e  concepts of probabi l i ty ,  can a l s o  
a f f e c t  procedure select ion.  
experts w i l l  require considerable t r a i n i n g  f o r  t h e  direct and indirect  
numerical procedures ( S t i l l w e l l  et al. 8 1982). 
non-numerical procedures are to  be preferred.  

Less p r o b a b i l i s t i c a l l y  sophis t ica ted  

For 6uch experts,  t h e  

The physical l oca t ion  of exper t s  w i l l  affect whether or not it is feas- 
ible to  get them together to  i n t e r a c t .  For t h e  paired canparison and 
ranking/rating procedures, there is no p a r t i c u l a r  advantage to  having 
t h e  exper t s  together. For t he  other procedures, however, i f  t he  NGT is 
used, t h e  exper t s  must be together physically,  which may increase the 
time and c o s t s  of data co l l ec t ion  and/or cons t ra in  which experts can 
participate . 
The numerical procedures w i l l  genera l ly  require more s p e c i f i c a l l y  
defined events because they require a very precise numerical judgment. 
Th i s  i e  also t r u e  of the  m u l t i a t t r i b u t e  u t i l i t y  procedure. The paired 
comparison and ranking/rating procedures, however, do not raquire pre- 
cise juclgments. It is possible,  f o r  exc~mple, t o  judge which of two 
generally defined e r r o r s  is mre l i k e l y  even though, because of t h e l r  
gene ra l i t y ,  t h e  exact probabi l i ty  of either error could not be esti- 
mated. 

The s i m i l a r i t y  of errors considered is of p a r t i c u l a r  relevance f o r  
paired ccnnparisons. If paired errors are too dissimilar, judgments may 
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be very d i f f i c u l t .  For example, exper t s  may have a d i f f i c u l t  time cau- 
par ing a judgmental e r r o r  with an ac t ion  error. 
are to  be used, some grouping of errors by s imi l a r i t y  may be useful. 

If paired comparions 

On the  o ther  hand, errors t h a t  are defined the same way except for  one 
s p e c i f i c  change, e.g., a change i n  stress, should not be paired. The 
underlying assumptions of the psychological model are unl ikely to be m e t  
i n  such a case, and thus  may detr imental ly  a f f e c t  results. For example, 
i f  the same error is considered under normal and high stress, a l l  ex- 
perts may ind ica t e  t h a t  the  high stress error i s  more l ikely.  This cer- 
t a i n t y  does not  necessar i ly  r e f l e c t  a be l ie f  t h a t  t h e  l ikel ihood of the  
error under high stress is very much higher than under normal stress. 
The ac tua l  p robab i l i t i e s  could be qu i t e  close. The paired comparison 
procedure, however, could produce a large difference i n  probabilities. 

fn most cases, i n  es t imat ing HEPs a t  least some can be expected t o  be 
quite s m a l l .  To the  extent  this is t r u e ,  i t  may lead direct numerical 
judgments to  be somewhat biased, although the  procedures described for 
diretA numerical estimation i n  Appendix A are designed to minimize bias. 
If extreme MEPs are not  expected, t he  direct numerical procedure becomes 
r e l a t i v e l y  more a t t r ac t ive .  

All procedures except the  direct numerical procedure require an independ- 
e n t  estimate of a t  least one IiEP. The i n d i r e c t  numerical procedure re- 
quires one such estimate while the o ther  procedures requi re  two. 
more confidence t h a t  can be placed i n  independent es t imates ,  t h e  better 
these  procedures are. 

The 

Lack of resources may constrain procedure se lec t ion  through t h e  incapa- 
b i l i t y  of obtaining t h e  services of a needed number of experts  for  the  
necessary time. 
ran!dng/rating procedures t h a t  require mre experts and/or t h e i r  time. 
If direct numerical, i n d i r e c t  numerical, or mul t i a t t r i bu te  u t i l i t y  pro- 
cedures are used, resource cons t r a in t s  may force the  use of mathematical 
Pggregation r a the r  than the NGT. 

A very tl.ght budget may el iminate  paired c a p a r i s o n  and 

For the  most part, t h e  cons t r a in t s  discussed above tend to dr ive proce- 
dure se l ec t ion  away from paired c a p a r i s o n s  and to  some extent  rank- 
ing/rating. On the  o ther  hand, without cons t ra in ts ,  t h e  general eval- 
uation i n  t h e  preceding subsection tends to favor these  procedures. 
Thus, practical choice of a procedure w i l l  usual ly  be a matter of the 
degree and firmness of the  cons t ra in ts .  
s t r a i n t s  w i l l  usual ly  lead to se l ec t ion  of the  direct or i nd i r ec t  numer- 
ical procedures and use of nlzthematical aggregation. Less severe con- 
s t r a i n t s  w i l l  a l l o w  use of paired canparisons or ranking/rating, which 
ate general ly  more a t t r a c t i v e .  

Very severe and f i rm con- 
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3.0 DISCUSSION 

The spirit i n  which the procedures described i n  t h i s  report for estimat- 
ing  HEPs i n  NPP operat ions are offered is  much- the same as that underly- 
ing  advocacy of the use of exper t  judgment to  estimate HEPs: 
best: use possible of cu r ren t  procedures and information, even though 
they may be flawed. 
va l ida ted  procedures f o r  es t imat ing HEPs. 
sound psychological theory and empirical support  t h a t  i nd ica t e  t h e i r  

m k e  t h e  

These procedures ce r t a in ly  are not  well-tested and 
They are, however, based on 

p o t e n t i a l  usefulness. 
to  obta in  needed HEPs. 

And as a practical matter, they can be used now 

%?he se l ec t ion  of which procedure to use is probably less important than 
the decis ion to  use expert  judgment to estimate needed HEPs. 
procedures have a l l  been screened and developed to be reasonably effec- 
t ive  and val id ,  with the  exception of the mul t i a t t r i bu te  u t i l i t y  proce- 
dure t h a t  has not been invest igated thoroughly. 
t h a t  t h i s  procedure no t  be used u n t i l  it is f u r t h e r  tes ted.  This should 
not  be in te rpre ted  as a negative critique: the  f a c t  t h a t  it is dis-  
cussed here  is a pos i t i ve  appraisal. 
and see a t t i t ude .  

These f ive  

Our recommendation is 

Rather, w e  simply advocate a w a i t  

Among t h e  procedures described, based on available evidence tha paired 
comparison and ranking/rat ing procedures appear to have t h e  po ten t i a l  to  
provide the best HEP estimates. The paired comparison procedure i n  par- 
t i c u l a r  has been used to  a small degree i n  human r e l i a b i l i t y  ana lys i s  
(Blanchard e t  al., 19661 Rigby and Edelman, 1968) as w e l l  as extensively 
as a psychological sca l ing  technique. It however, general ly  presents  
the most practical problems i n  appl icat ion.  

-- 

Some practical cons t r a in t s  can be alleviated by using the ranking/rating 
procedure t h a t  is based on the same underlying psychological model of 
judgment as the paired comparison procedure. Xf practical cons t r a in t s  
are severe,  e i t h e r  of the numerical es t imat ion procedures can be used, 
although under most circumstances, t he  i n d i r e c t  numerical procedure is  
recommended. These procedures can be used t o  obtain HEPs r e l a t i v e l y  
quickly,  with a f e w  experts ,  and w i t h  l o w  costs. These practical sav- 
ings,  however, can be expected to r e s u l t  i n  some decrease i n  the quality 
of the  HEP estimates obtained. 

Two parts of the implementation of any of these procedures w i l l  probably 
have more e f f ec t  on the  r e s u l t s  than w i l l  the  se l ec t ion  of which proce- 
dure to use. S t  is cri t ical  t h a t  the " r igh t"  expe r t s  be selected and 
that  t h e  "r ight"  events be considered. In  Section 2.1, these  topics 
were discussed, so here only a f e w  important po in ts  are made. In selec- 
t i n g  experts ,  t he  best available people should, of course,  be used. But 
i t  is also necessary to use experts  whc have an open mind about the use 
of exper t  judgment to  estimate HEPs, and are wi l l i ng  to p u t  t h e i r  exper- 
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tise on the  l i n e  i n  t h e i r  judgments. Experts who do not bel ieve t h a t  
judgment can be used to  estimate HEPs are unl ikely to give t h e i r  judg- 
ments s u f f i c i e n t  cons ide ra t ion  because they do not think the judgments 
are s u f f i c i e n t l y  va l id  t o  estimate HEPs. 

To some exten t ,  t h e  " r igh t "  events  w i l l  be defined outs ide the  context 
of es t imat ing HEPs using expert  judgment. For example, they may be 
def ined by a PRA. What is important, is the  c l a r i t y  and completeness of 
the  d e f i n i t i o n  of the events. Good d e f i n i t i o n s  includlng considerat ion 
of PSFs w i l l  s implify judgments and improve t h e i r  reliability and valid- 
i t y .  

Although the  procedures described here  can be used now to  estimate H E P s ,  
they undoubtedly can be improved through addi t iona l  tes t ing .  Such test- 
ing  would also increase the confidence of users  i n  the  r e s u l t s  of analy- 
ses using judgmentally-estimated HEPs. There are seve ra l  s p e c i f i c  areas 
i n  which research is needed. 

For the paired canparison, rankinq/rating and m u l t i a t t r i b u t s  u t i l i t y  
procedures, scale values must be transformed i n t o  p robab i l i t i e s .  Cur- 
r e n t l y ,  t h e  r e l a t ionsh ip  between scale values and p r o b a b i l i t i e s  is 
thought to  be best-defined as logarithmic. This re la t ionship ,  however, 
has r e l a t i v e l y  li t t l e  empirical support ,  so addi t iona l  research should 
inves t iga t e  the  ex ten t  t o  which it is  logarithmic across events and 
experts.  

The transformation of scale values i n t o  p robab i l i t i e s  also requires inde- 
pendent estimates of a t  least two HEPS f o r  paired comparison and rank- 
ing / ra t ing  and cine HEP f o r  i n d i r e c t  numerical estimation. if such esti- 
mates f o r  human e r r o r s  are not  ava i lab le ,  t he  independent estimates can 
be obtained e i t h e r  by direct numerical judgment or  by including two 
events of a d i f f e r e n t  type with known probabilities (though the  latter 
approach would require empirical  support before use) .  
including t w o  events of a d i f f e r e n t  type i n  the  s e t  of human errors 
should be f.nves t i g a  ted f o r  d i f f e r e n t  t y p e s  of events. 

The e f f e c t s  of 

I n  addi t ion  to these  specific research topics ,  more general  research is 
needed inves t iga t ing  t h e  r e l i a b i l i t y  and v a l i d i t y  of the procedures f o r  
p r o b a b i l i t i e s  general ly  and HEPS s p e c i f i c a l l y  using real events and 
experts. I n  p a r t i c u l a r  such research should determine the ex ten t  to 
which the procedures produce d i f f e r e n t  e s t ina t e s .  Even though there  is 
a t  present  some q u a l i t a t i v e  ind ica t ion  of d i f f e rences  (which of course 
may be wrong), quan t i f i ca t ion  of differences would be he lpfu l  i n  estab- 
l i s h i n g  tradeof fs between the qua l i t y  of estimates and practical consid- 
e r a t i o n s  ( t i m e ,  cost, number of experts ,  etc.). N o t  only should the  
research quant i fy  the di f fe rences ,  but  it should also, to the ex ten t  
poss ib le ,  determine which estimates are more va l id  and the circumstances 
under which d i f f e r e n t  procedures produce more va l id  estimates. 
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Thus, we conclude this report with two recommendations. ( 1) The proce- 
dures described herein should be used now to estimate H E P s  as they are 
needed. ( 2 )  A program of research should be undertaken t;o test further 
and validate the use of these procedures. 
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APPENDIX A 
IMPLEMENTATION OF ESTIWkTION PROCEDURES 

In  this appendix, t h e  steps for implementing the five procedures are 
described i n  detail  including examples and necessary calculations.  
People in t e re s t ed  i n  using these procedures can use this appendix as a 
guide. 
for implenenting any of the procedures (Section A.1) which should be 
reviewed along w i t h  Section 2.1 of the main body of this report. 
Sections A.2, A * 3 0  A.40 A.5, and A.6 describe the paired comparison0 
ranMng/rating, direct n \ ~ ~ r l c a l ,  i n d i r e c t  numerical, and m u l t i a t t r i b u t e  
u t i l i t y  procedures respectively. Each of these saction8 consist6 of 
subsections regarding 

The appendix is composed of a brief discussion of preparation 

Then 

e judgments required, 

0 

0 procedures f o r  determining h t e r j u d g e  consistency, and 

ca lcu la t ions  required to  produce m s 8  

0 procedures for  es t imat ing  uncertain2.y bounds. 

Section A.2 on paired canparimns contain8 an addi t iona l  subsection on 
proceduree for determining within-judge consistency. 
introduced by a summary of steps to be followed. i n  developing desired 
HEP data. 

Each procedure i 8  

A . 1  Preparation 

The m D s t  important ingredien t  i n  any of the est.imation proceduree to be 
discussed i n  these appendices is tha t  the events about which t h e  judg- 
ments are to be made be ca re fu l ly  and accurately defined. 
many approaches to  event d e f i n i t i o n  b u t  the b e s t  include t h e  following 
elements 

There are 

0 The role of PSFs i n  the event &auld be defined. 

0 Events no t  under consideration, but which might ba confused with 
the event to be judged should be c l e a r l y  separated fr- the  
event under consideration. 

0 Larger sets of events to which this event belongs should be 
described . 

0 Causes of the event, e.g., sets of mutually exclusive i n i t i a t i n g  
events and sequences of events0 should be i den t i f i ed .  
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A.2 Paired Comparison Procedure 

The steps required i n  t h i s  procedure are the following: 

1. 

2. 

3. 

4. 

5. 

6 .  

7 ,  

0 .  

9. 

10. 

Obtain paired canparisons. 

Create table represent ing the number of experts judging each 
event more l ike ly  than each other event. 

Derive table of proportions from 2. 

Create table of normal daviates  corresponding to  proportion6 in 
3. 

Calculate  mean column values i n  table i n  4 which are scale 
values 

Obtain independent estimates of two EtEps. 

Transform scale values i n t o  H E P s .  

Determine within-judge consistency. 

Determine in te r judge  consistency. 

E s t i m a t e  uncertainty bounds. 

A.2.1  Judgments required. Each expert  is presented with several  pairs 
of events and makes a discrete choice of which of each pair is t h e  more 
l i k e l y .  
p robabi l i ty  of a t  least t w o  of the events i n  the total set must be 
known, but  the more tha t  are known, t h e  better. It is important t h a t  
these t w o  events be near t he  upper and lower ends of the  range of proba- 
bi l i t i es  being estimated. 

The judgment -equally l i ke ly -  i s  not allowed. In  a6di t ion0 the 

The total number of experts necessary and the number of w e n t  pair8 that 
must be judged by each expert  should be based on t h e  a v a i l a b i l i t y  of 
exper t s  r e l a t i v e  to the  time avai lab le  f r a m  each expert. Appendix B 
gives some general gc ide l ines  on t h e  number of experts  necessary for a 
given l eve l  of prec is ion  i n  the scale values of individual  events 
(expressed i n  terms of the largest expected variance possible) and s h o w s  
t h a t  good prec is ion  can be obtained w i t h  few experts.  

An important considerat ion f o r  the use of paired comparison techniques 
i s  the la rge  number of pairs there are for even moderate numbers of 
events. 

2 
events. Scaling experts have noted, however, t h a t  a l l  of these  judg- 
ments are not necessar i ly  required to ge t  good estimates of t he  scale 

For example, for  20 events t h e r e  are 190 (20x19) pairs of 
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values,  and severa l  suggestions have been made f o r  reducing t h e  number 
of judgments required. 

Probably the most appropriate f o r  the  judgment-of human error probabil- 
i t ies is to  select a l h i t e d  number of events as standards. As much as 
pOSSible8 standards selected should be spaced ou t  Over the length of the 
scale. Each event is then canpared w i t h  each standard. giving 
mn-m(m+l)/2 independent proportions where n is the  number of events and 
m is the number of standards. For example. with 20 events. 5 of which 
are taken as standards. t h e  required judgments would be reduced frau 190 
to 85 ((5)(20)-5(6)/2).  

A.2.2 Performing= ca lcu la t ions .  
standards. t h e  caaputa t iona l  procedures would be i den t i ca l .  
ence would be i n  the number of row i n  the i n i t i a l  and subsequent 
tables. The number of standards with which a l l  o ther  events are c a -  
pared determines t h e  number of rows. Assuming t h a t  we have obtained A 
complete set of paired comparison judgmmts for  t h e  events whose proba- 
bilities we w i s h  to obtain,  we w i l l  now work through ar. example of the 
appl ica t ion  of paired camparison acaling. Assume t h a t  w e  have obtained 
t h e  matrbc of judgments f o r  20 judges sbwn i n  Table  A-1. Each cell 
e n t r y  represents  t h e  number crf judges who s a i d  t h e  event listed acrm8 
t h e  tcp was more l l k e l y  than the  event listed down the  side.  
example, t h e  en t ry  f o r  cell 1.4 (row I. column 4)  w i l l  be 20 minu8 t h e  
en t ry  for cell 4.1 (row 4, column 1). 
fran Swain and Guttmann (1980), Table  20-17, for  probabiLcty of a maCn- 
t a i n e r  f a i l i n g  to check value s t a t u s  before maintenancei t h e  frequencies 
i n  Table A-1 are hypothetical. 
converted i n t o  proportions by d iv id ing  aach frequency by t h e  -tal num- 
ber of expe r t s  (20 i n  t h i s  case). 
tions. 

If a subset of events are used as 
The d i f f e r -  

Thu8, f o r  

These example events are taken 

The frequencies shown i n  Table  A-1 are 

Table  A-2 shows the mutrix of propor- 

The next step is to convert the  proportions i n  Table  A-2 i n t o  u n i t s  
r e f l e c t i n g  t h e  assumption t h a t  they represent  proportions of t h e  area of 
t h e  normal p robab i l i t y  d i s t r i b u t i o n .  This conversion is accaaplished by 
using tables of t h e  area under t h e  normal d i s t r ibu t ion .  that can be 
found i n  most introductory statistics tats. For ucample, cel l  entry 
481 show t h a t  9 of 20. or 459 of the judges stated t h a t  event 1 was 
more l i k e l y  than event 4, while 11 of 20 or 559 sa id  the  opposite. By 
looking a t  t h e  table of the normal d i s t r i b u t i o n  we f ind t h a t  a 2 value 
of -e13 leaves 45% of the area of the  ii0-1 d i s t r i b u t i o n  t h e  l e f t .  
This  2 value represents  t h e  r e l a t i v e  distance between events 4 and 1- 
By transforming each of the proportions in Table A-2 i n t o  u n i t  normal 
deviates as described above we have the  matrix shown in Table A-3. 

These normal devia tes  are summed and the mean ca lcu la ted  for each column 
as shown i n  Table  A-3. This column mean is the value for the event on 
t h e  newly created subjec t ive  wale. 
l i k e  t h i s :  

For example. t h e  scale now looks 
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TABLE A-1 

Frequency Matrix of Paired Comparison Judgments* 

Events: Maintainer 
f a i l s  to  check valve 
s t a t u s  before  
maintenance when: 

1. 

2. 

3. 

4. 

5 .  

6 .  

short list is used 
with checkoff, per- 
sonal  s a f e t y  is 
af fec ted  

s h o r t  list is used 
with checkoff, per- 
sonal  s a f e t y  is no t  
a f fec ted  

s h o r t  list is used 
without checkoff, 
valve is i n  f i e l d  
of view, personal 
sa fe ty  a f fec ted  

NPP procedures or 
long l ist  used wi th  
checkoff, personal 
s a fe ty  a f f ec t ed  

NPP procedures or 
long list used with- 
out checkoff, valve 
within f i e l d  of view, 
personal s a fe ty  not  
a f f ec t ed  

no l ist  is used, 
valve within f i e l d  
of view, personal 
s a f e t y  affected. 

5 

7 

9 

3 

1 

2 3 4 5 6 

*Each cell en t ry  r ep resen t s  the  number of experts who said 
t h e  event l i s t e d  across t h e  top w a s  mre l i k e l y  than t h e  
event listed down t h e  side. 
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Event: 

1 

2 

3 

4 

5 

6 

- 

-25  

0 35 

045 

- 
15 

e 0 5  

1 

TABLE A-2 

Matrix of Proportions * 

2 3 4 5 6 

*Each cell entry represents the proportion of experts who said 
the event listed across the  top was more likely than the event 
listed down the side. 
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Event: 

1 

2 

3 

4 

5 

6 

TABLE A-3 

Values of Proportions Under Normal Curve* 

1 2 3 4 

13 

-67 

- -25 

5 

e25 

84 

C X  
Scale Value ( s ) = ~  = - e64 -06 - -11 - -45 38 

where N = the number of events (6 i n  t h i s  case). 

6 

1e65 

. a4 

1.04 

1.28 

25 

84 

*Each cell entry represents the normal deviate value (2) 
corresponding to t h e  proportion for the cell  shown i n  
T a b l e  A-2. 
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Event # 1 4 3 2 5 6 
Scale value(s1 -.64 -.45 -.11 -06 .38 .84 

This subject ive scale of r e l a t i v e  distances m u s t  now be converted i n t o  a 
scale of probabi l i t i es .  In  order  to do t h i s  a pair of anchors is re- 
quired that  relate positions on the  subject ive sca l e  to those on the 
probabi l i ty  scale.  I n  most cases these anchors w i l l  come from a pair of 
events, placed f o r  judgment among the  o thers ,  for which the  t r u e  proba- 
b i l i t i e s  are known. I n  some cases, however, none of the events i n  our 
scale w i l l  have known p robab i l i t i e s ,  and direct estimates of the anchors 
must be made using the  d i r e c t  numerical estimation procedure described 
in Section A.4. 
judgment8 so t h a t  t he  events used for t h e  anchor judgments are as near 
the  ends of the t r u e  probabi l i ty  sca le  as possible. 

P robab i l i t i e s  are assumed to be logari thmical ly  re la ted  to the  derived 
scale values: 

These direct estimates should be made after the paired 

log HEP = as + b 

where s is the  mean scale-rank values judged by assessors ,  and a and b 
are constants, a r r ived  a t  by simultaneous s o l u t i o n  of the two variations 
of the  above equation t h a t  r e s u l t  from the  two anchors. I n  our example, 
w e  assumed anchor values were known f o r  event #l of .0004 and for event 
#6 of .01, and thus t h e  following two equations would be solved: 

log(.0004) - a(-.64) + b 
lou(.Ol) a(.84) + b 
1og(.0004) - l o g ( . O l )  = -1.48a 

-1.3979 = -1.48a 
a = .94. 

Subst i tut ing a back i n t o  the f i r s t  equation we get :  

The formula: 

log HEP -949 + (-2.7963) 

I 

now allows ca lcu la t ion  of t he  probabi l i ty  f o r  each of the  scale values 
and the following scale is arr ived a t  f o r  the  s i x  events: 

event # 1 4 3 2 5 6 
lOg HEP -3.3979 -3.2193 -2.8997 -2.7399 -2.4391 -2.0000 

pr oba b i  1 i t y  .0004 .0006 .0013 .0018 e004 .01 
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Although it is not a f a c t o r  i n  our: example, there can be a question 
about how to  handle complete agreement among judges about which event is 
t h e  more l ikely.  Under the  normal d i s t r i b u t i o n  100% or 0% of the  distri- 
bution occurs a t  2 i n f i n i t y  and thus has no meaningEul z value. 
other hand, t h i s  would seem to  be an extremely diagnostic b i t  of data 
and therefore  should not be disregarcied. 
methods f o r  s e l ec t ing  a z value f o r  complete agreement, one of which 
results i n  Table  A-4. We recommend that  thase  values be used f o r  z i n  
cases of camplete agreement with 10 or fewer judges. 
judges exceeds 10, procedures described i n  Appendix B (Section B . 2 )  may 
be used to determine the appropriate z value. 

A.2.3 Within-iudge consistency. For paired c a p a r i s o n  judgments, t h e  
experts  may exhib i t  i n t e r n a l  inconsis tencies  t h a t  w i l l  be shown as cir- 
c u l a r  triads. That is, event a is judged lm be more l i ke ly  than event 
b; event b more l i k e l y  than event C; and event c more l i ke ly  than event 
a-  The consistency of each expert can be determined using t h e  "coeffi- 
c i e n t  of consistency" (David, 1963: Kendall and Babington Staith, 1940). 
This  coe f f i c i en t  v a r i e s  from ze ro  for a canpletely randcm (maximum num- 
ber of c i r c u l a r  triads) set of judgments to  one for a canpletely consis t -  
e n t  (no c i r c u l a r  triads) set. 

The coe f f i c i en t  of consistency, k, is calculated by f i r s t  determining 
the number of c i r c u l a r  triads, c, for the  expert:  

On the  

Appendix B (Section 8.2) shows 

When t h e  number of 

n 
where n is the  number of events and T = C (ai-zl2 andx - (n-1)/2. 

i= 1 
values  ai are the  number of times event ai w a s  jucgcd to be more Ukely  
than any other  event. 
described by t h e  following m a t r i x  where a 1 indica tes  t h a t  the  row event 
w a s  judged mre l i k e l y  than the  column event, t h e  ais  are the row sums- 

The 

For example, if one expert ' s  judgments are 

Event 1 ' 2 3 4 5 6 

1 - 0 1 0 1 1 3 .5 

2 1 0 0 1 1 3 .5 

3 0 1 - 0 0 0 1 -1.5 

4 1 1 1 - 1 0 4 1.5 

5 0 0 1 0 0 1 -1.5 

6 0 0 1 1 1 - 3 .5 

I n  this example, Z=( 6-1)/2=2.5, and T=. 52,. 52, (-1.5) 2+1. s2+ (-1 - 5) 2+-52=7* 5. 
Then 5 6 (62-1)-7.=5. 

24 2 

The coe f f i c i en t  of consistency, k, is then found by the  formulas 
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TABLE A-4 

Number of 
Experts 2 3 

z - 1.29 

Values of z for Complete Agreement* 

4 5 6 8 10 

1.35 1.41 1.48 1.64 1.69 

*Positive z values are used when the proportion is 1 and 
negative values are used when the proportion j.s 0. 
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k = 1 -,>, n odd, 
n (2-1 

k = 1 - 24c , n even. 
n (n2-4 

In  the above example, s ince  n is even 

Stat is t ical  tests for  the c o e f f i c i e n t  of consistency are approximate and 
do not perform w e l l  f o r  r e l a t i v e l y  small values of n, i . e . )  those i n  the  
range of p r a c t i c a l i t y  f o r  paired comparison judgments i n  this context. 
For example, with s i x  events, the  u s u a l  test w i l l  reject the n u l l  hypath- 
@ais that  the judgments are random only i f  there  a r e  no c i r cu la r  t r iads .  
Thus i n  using t h e  coe f f i c i en t  of consistency, i t  should be in te rpre ted  
as akin to  a cor re l a t ion  coef f ic ien t .  Thus, the value of .375 i n  the 
above example, while not showing a highly cons is ten t  expert ,  does not 
show s u f f i c i e n t  inconsistency to  suggest t h a t  the  data of t h a t  expert  
should not be used. 

A. 2.4 I n t e r  judge consistency. An appropriate  s t a t i s t i c  for measuring 
agreement with more than a s i n g l e  pair of judges is the  coe f f i c i en t  of 
concordance (W), which is  the ra t io  of the variance of the  aut8 af ranks 
i n  the  sample to the maximum poss ib le  variance of the s u m  of the  ranks. 
This statist ic can  be i n t u i t i v e l y  thought of as much l i k e  an average 
rank order  correlat ion.  Tkd advantage of t h i s  s t a t i s t i c  i s  t h a t  it has 
a n  exact test of s ta t is t ical  s ignif icance.  The ca lcu la t ion  formula for 
w is: 

where m is the number of experts,  n is  the number of events,  and as i 8  
t h e  sum of squares, 

w i t h  R. being the  sum of ranks for event j and E being t h e  average sum 
of rads. 

I n  order to ca lcu la t e  W, each exper t ' s  paired comparisons are converted 
i n t o  a rank order. This rank order can be derived by a count of the 
number of times each event was judged to be more l l k e l y  than other 
events. The event w i t h  the l a r g e s t  count  is ranked f i r s t  and so on. 
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Thes? rank orders are put i n t o  a table with m rows, one f o r  each expert ,  
and n columns, one f o r  each event. Ent r ies  i n  the  table are the ranks 
assigned by each expert  to each event. Thus, a table such as A-5 re- 
s u l t s  where there  are e i g h t  experts  and f i v e  events. 

For t h i s  example, 
2 2 2 2 2 

w = 12 [(13-241 + (16-24) + (27-24) + (29-24) + ( 35-24) I 
64 (125-5) 

= 1 2 ( 1 2 1  + 64 + 9 + 25 + 121) 
64 (120) 

= 053. 

This  ind ica tes  that  the variance on the sums of the ranks is about 53 
percent  of the maximum possible variance (produced i f  a l l  experts  agree 
completely). 
found i n  Appendix C. If there  are more than seven events,  ch i  square 
tables found i n  most statistics t e x t  can be used to determine s ign i f i -  
cance. In t h i s  case the  s ta t i s t ic  

The s ignif icance of w for  seven or fewer events can be 

is  d i s t r ibu ted  approximately l i k e  ch i  square with n-1 degrees of free- 
dom. In  t h i s  formula, 8 8 ,  m, and n are again t h e  sum of squares for 
rank sums, the  number of experts ,  and the  number of events. Thus, i n  
t he  example case, W is s i g n i f i c a n t  beyond the  -01  level ind ica t ing  bas ic  
agreement among experts. 

A.2.5 Estimating uncertainty bounds. Conservative uncertainty bounds 
on scale values, s, can be estimated s t a t i s t i c a l l y  using a procedum 
described i n  Appendix B. F i r s t  the variance of each z value correspond- 
i n g  t o  each proportion i n  T a b l e  A-2 is determined. 
expe r t s  is ten  or fewer, these  variances Cali be obtained from Table A-6. 
If there  are more than ten experts ,  procedures described i n  Appendix B 
t h a t  involve considerable ca lcu la t ion  must be used. In Table A-6, Z 

represents  t he  value assigned to cells with complete agreement (e.g. , 
from Table A-4, or from procedures i n  Appendix B). 

I f  the  number Of 

Because of the tedicusness of the ca lcu la t ions  involved f o r  20 experts,  
f o r  purposes of demonstration here  w e  assume t h a t  the  proportions i n  
Table A-2 were generated by 10  r a the r  than 20 experts.  Then 2 4 - 6 9  for 
10 exper t s  from Table A-4. 
i n t e rpo la t ion  may be used as is demonstrated below. 

For proportions not found i n  Tab le  A-6, 

A-1 1 



TABLE A-5 

Rank Ordering of Events* 

Experts 

I 
Events 

1 2 3 4 5 

R 
j 

1 

2 

3 

2 

1 

1 

2 

1 

13 

3 

3 

2 

1 

2 

2 

1 
2 

16 

2 5 

1 4 

4 1 
5 4 

4 3 

3 4 

3 4 

5 4 

27  29 

4 

5 

5 

3 

5 

5 

5 

3 

35 

(Sum of ranks f o r  event j> 

R = 24 
*- 

*A rank of  1 ind ica t e s  t h e  event chosen as more Likely 
than o t h e r  events most o f t en ,  while a rank of 5 rndi- 
cates t h e  event chosen as more l i k e l y  than other  events 
least of ten .  
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Number 
of 

Experts 

2 

3 

4 

5 

6 

7 

8 

9 

10 

TAELE A-6 

Variance Estimates of 2 Values for Various 
Proportions and Numbers of Experts* 

Proportion 

. 5  

2 .5z 

.25z +.139 

2 .125z +.228 

2 .063z +.261 

2 .031z +.262 

2 .Ol6z +. 248 
2 .008z +.227 

2 .004z +.205 

2 .002z +. 185 

2 

.6 

2 .48z 

.257z2-.019z+. 129 

.144z2-.027z+. 211 

. 083z2-. 025z+. 239 

.049z2-.O19z+. 244 
2 

2 
.029Z -.013~+.234 

.0172 -.008~+,219 

,010~~- .0052+.202 

. 006z2-. 003z+. ! 54 

.7 

2 -422 

.27z2 -.06z +.lo5 

. 194z2-. l05z+. 17 

. 143z2-. 107z+. 198 

. 104z2-. 0932+. 207 

.076z2-. 074z+. 205 

.054z2-. 056z+. 196 

.039z2-. 041z+. 189 

. 027z2-. 032 +. 177 

.8 

2 .32z 

.266z2-. 125z+. 073 

.245z2-. 211z+. 131 

.221z2-. 247z+. 167 

. 193z2-. 25Oz+. 189 

.166z2-.236z+.200 

.140z2-.211z+.201 

. 116z2-. 184z+. 199 

.096z2-.155z+.191 

*Z represents the normal deviate value assigned to cells with complete agreement. 

.9 

2 .18z 

. 2z2 -. 139z+. 041 

.226z2-. 255z+. 097 

.243z2-.344z+. 152 

. 249z2- .408z+. 202 

.249a2-.451z+. 245 

.245z2-.474z+.273 

. 237z2-. 483z+. 296 

. 227z2-. 482z+. 310 



Then f o r  the  proportions i n  Table A-2, and the formulas f o r  t e n  experts  
i n  Table  A-6, t he  matr ix  of var iances  i n  Table  A-7 is derived. 
ple, t h e  proportion i n  ce l l  1,2 of Table A-2 is .75. 
the  var iance f o r  .7 is .Q27(1.69)2 - .03(1.69) + .177 = -2034, and the 
variance f o r  .8 is  .096(1.69)2 - .155(1.69) + .191 = .2032. Since .75 
is halfway between .7 and .8, l i n e a r  i n t e rpo la t ion  a r r i v e s  a t  a variance 
t h a t  is halfway between these two estimates, -2033. This value,  rounded 
to  -203, is entered i n t o  the appropriate cell i n  T a b l e  A-7. This is 
also the  estimate used f o r  cell 2 , l  s ince  the variance f o r  p is the same 
as the  var iance for 1-p. 
the same procedure. The variance of the estimate of the scale value for 
each event is then ca lcu la ted  by summing each column and dividing by 
n(n-1) ( i n  t h i s  case, n=6), as shown i n  Tab le  A-7. Error bounds on the 
scale values--95 percent  bounds-&re then computed as s 2 2s.e., where S 
is the  scale value (from Table  A-3) and s.e. is the  standard e r r o r  of 
t he  estimate which is the square root of the variance of the estimate. 

For exam- 
Fran Table A-6, 

Other cells are f i l l ed  i n  appropriately using 

mese uncertainty bounds on scale values can then be transformed i n t o  
bounds on probabi l i ty  estimates as described i n  Appendix B (Sect ion 
B.3). The uncertainty bounds for log H B  are fi 2as.e. where a is the 
constant  from the  equation, 

log HI@ = as + b, 

used to transform scale values i n t o  probabilities. 
was determined to be equal to .94. Thus, t h e  bounds on log HEP for the 
six events  are +.323, +.342, +.337, +.331, +.337, and 2.312 respective- 
ly, T a b l e s  of %tilog:rithmsare thgn used-to obtain the  bounds on the  
kims shown i n  the last column of T a b l e  A-8. 

In  t h i s  example, 8 

Another approach to est imat ing uncertainty bounds is based on judgmental 
r a t h e r  than statist ical  estimations. 
paired comparisons, ranking/rat ing,  direct numerical estimation, and 
indirect numerical es t imat ion can a l l  be used. The advantages and disad- 
vantages of these  var ious judgmental procedures to estimate uncertainty 
bounds are the same as those for those procedures used to estimate Hme. 
Any of these  four judgmental bounding procedures can be used with any Of 
the  f i v e  ffEP est imat ion procedures. Here for the sake of consistency Of 
presentat ion,  we d i scuss  the paired comparison bounding procedure. Each 
of the other judgmental bounding procedures is discussed i n  the  sec t ion  
of t h i s  appendix descr ibing t h e  similar HEP estimation approach. I n  
some appl ica t ions ,  both a statist ical  and a judgmental bounding approach 
may be useful. 

Judgmental prc+I=edures including 

I n  the paired comparison bounding procedures, events  are paired and pre- 
sented to the experts  j u s t  as described above for t he  paired cornparison 
H E P  es t imat ion  procedure. The exper t s  now, however, are responding t o  
the  question: 
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TABLE A-7 

Matrix of Variances 

Event: 
~ 

2 3 4 5 6 1 

- .203 .200 .194 .174 

.203 - .194 .2C3 .196 

.200 .194 - .196 .200 

.194 .203 .196 - .203 

.174 .196 .200 .203 - 
-114 .203 .174 .144 .196 

c .885 .999 

.030 .033 Variance= 
C/n (n-1) 

Standard 
error = .172 .182 

.964 .94 .969 

.032 .031 .032 

.179 .176 .179 

.114 

.203 

-174 

.144 

.196 

- 

.831 

.028 

.166 
/Variance 

-.64 .06 -.11 -.45 .38 .84 S' 
Scale  Value 

Error bounds -.296 .424 ,248 -.098 .738 1.172 
on s (upper) 
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For which error re you more uncertain about how l i k e l y  
Note t h a t  we are in te res ted  i n  your uncertainty it is? 

about an estimate of l ikel ihood r a t h e r  than the estimate 
i t s e l f  . 

(If the pried canparison bounding procedure is used i n  conjunction w i t h  
the  paired comparison HEP estimation procedure, each pair of events 
needs to he presented only once, w i t h  two responses required.) 

These paired comparisons of uncertainty are then scaled using the 
techniques described i n  Tables A-1 through A-3 a d  the accanpanying 
text. 
regarding t h e  HEP of each event. 

This produces scale values representing the  degree of uncertainty 

By properly phrasing a subsequent question (see below), we can 888ume 
t h a t  bounds are 95 percent  bouads measured by t x  where x is an O r d e r  Of 
magnitude measure* 
95 percent of the possikle  HE^? estimates. 

That i s , t h e  interval ( l o g  HEP-x, log HEP+X) contains 
We also assume that  

x = a T + b  

where x is the uncertainty bound, T is the scale value derived frcm 
paired comparison scal ing,  and a and b are constants  to be estimated as 
follows. 

To estimate a and b, t w o  independent estimates of bounds are needed. 
Assume, f o r  example, fo r  t he  s i x  events i n  the  exmple (Tables  A-1 t0 
A-3) w e  have obtained paired canparison scale bounding values, T, Of: 

Event: 1 2 3 4 5 6 
T: -074 -.12 002 1.22 -e46 032 

Further assume t h a t  the  experts  have provided an independent estimate Of 
X = 1.4 for event 1 and x t .5 for event 4,  by answering quastions such 
as : 

For t h i s  w e n t ,  a range of how many orders of magnitude 
would be required for you to feel 95 percent ce r t a in  t h a t  
the range contained the  t rue  HS? 

An a l t e r n a t i v e  quest ion that  might be easier f o r  the experts to answer 
would provide direct estimates of the upper a d  lower bounds: 

For this event,  what are the  upper and lower bounds on the  
HEP t h a t  make you 95 percent c e r t a i n  the t rue  HEP f a l l s  between 
these bounds . 

This question w i l l  provide the necessary estimate of X. 
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Then, t h e  values of a and b are found by solving t h e  simultaneous equa- 
tions : 

and 
1.4 = a(-.74) + b 

.S = a(1.22) + b. 

F i r s t ,  subtract t h e  second equation f r o m  t h e  f irst :  

1.4 = a(-.74) + b - .S = a(1.22) + b 
.9 = a(-1.96) 
.9/-1.96 = a 

-.459 = a 

Subs t i t u t ing  t h i s  value of a i n t o  t h e  f i r s t  eqwations, we f ind  

Using 

t h e  following bounds (in orders of magnitude) are foundr 

Event: 1 2 3 4 5 6 
T: 0.74 - 0  12 002 1.22 0.46 32 

+e913 - Bounds : - +le4 - 41.115 21.051 2.5 - +le 27 

Since t h e s e  bounds are on log HEPs, bounds on actual probabilit.ia8 are 
found by t ak ing  f i r s t  log HEP - +x and then taking antilogarithms as Shown 
i n  Table  A-9. 

A.3 Rankinq and Ratinq Procedures 

The steps required in t h i s  procedure are t h e  following: 

O b t a i n  ranking or rating judgments. 1. 

2. Create table showing t h e  number of experts who placed each 
event i n  the various r a t i n g  ca tegor ies  o r  rankings. 

3- Derive cmuXative frequency matrix showing t h e  number of times 
each event was assigned a c e r t a i n  ranking/rating or lower. 
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TABLE A-9 

Judgmental Uncertainty Bounds from 
Paired Comparison Judgments 

~~~ 

Event log HEP 
-- 

-3.3979 

-2.7399 

-2. a997 

-3.2193 

-2.4391 

-2.0000 

HEP 

.0004 

.0018 

.0013 

.0006 

.004 

. 01 

Bounds on 
log HEP 

-4.7979, -1.9979 

-1.6249 -3.8549 

-3.9507 -1.8487 

-3.7193, -2.7193 

-3.7091, -1.1691 

-2.9130, -1.0870 

Bounds on 
HEP 

.000016, 

00014 # 

. 00011, 

.00019, 

.0002, 

.0012 # 

.01 ' 

.024 

.014 

.0019 

.068 

.082 
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4. 

5. 

6. 

7. 

a. 

9. 

10. 

11. 

Transform matrix from 3 i n t o  a matrix of proportions. 

Create table of normal deviates  for proportions i n  table i n  4. 

Calculate  row,  column, and grand means for table i n  5. 

Scale values are the  grand mean minus the row mean for each 
event. 

Obtain independent estimate of two H E P s .  

Transform scale values i n t o  HEPs. 

Determine inter judge consistency. 

Estimate uncertainty bounds. 

A. 3.1 Judgments required. Ranking and r a t i n g  procedures a r e  discussed 
together  because the  a n a l y t i c  techniques are the  same regardless  of t h e  
judgmental source of the r a w  data .  Ranking procedures require t h a t  the  
expert rank order  events by t h e i r  r e l a t i v e  likelihood. The r a t i n g  pro- 
cedure requires t h a t  t he  judge ra te  each event w i t h  respect to likeli- 
hood. The r a t i n g  may be expressed on a numerical scale (e .g . r  3 to 101, 
a n  a d j e c t i v a l  scale, or a graphic scale.  The graphic scale is arbitrar- 
i l y  divided i n t o  as many categories  as desired by the analyst.. 

A.3.2 Performins Vie calculat ions.  Both the  ranking and r a t ing  proce- 
dures resul t  i n  the  same! raw data form, i.e., a matrix of the frequen- 
cies w i t h  which each event is ranked or ra ted  i n t o  each category. An 
example of such a matrix of HEPs is shown i n  Table A-10 with r a t i n g s  
from 10 experts.  Adjectives descr ibing t h e  Likelihood of an @vent are 
used as category labels, arranged i n  order  of increasing likelihood. 
N o t e  t h a t  these labels are not symmetric ( e . g . ,  from very unlikely t o  
very l i k e l y )  because t h e  HEPs are a l l  l i k e l y  to be small. A?terna- 
t i v e l y ,  t h e s e  categories  could be ranks. The next step is  to transform 
t h i s  matrix i n t o  one i n  which t h e  c e l l  entries are t h e  frequency of 
times t h a t  the  event w a s  i n  t h a t  category or  any of the categories  below 
it (Table A-11) .  A t  t h i s  pa in t ,  t he  las t  category, (e.g. , category f i v e  
i n  this example) i s  simply the t o t a l  number of judgments made and is not  
used fu r the r .  
and the r e s u l t  is Table A-12. 

- 

The e n t r i e s  i n  Table A - 1 1  are converted i n t o  proportions 

The next step is to assume that  t h e  proportions i n  Table A-12 represent 
proportions of the  area under the normal d i s t r ibu t ion .  
are then converted i n t o  u n i t  normal deviates  by using a table of Values 
of t h e  normal d i s t r i b u t i o n  found i n  most s tandard statist ics text50 
Each proport ion from t h e  matrix is found as F ( z )  (or F(x)) i n  t he  normal 
d i s t r i b u t i o n  table. The corresFonding normal deviate,  usua l ly  labeled 
as  2 (or x )  i s  found and entered i n t o  the new matrix (Table A-13). 

The cel l  entries 
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Events: 

1. 

2. 

3. 

4. 

5. 

Select wrong 
control in a 
group of iden- 
tical controls 
identified by 
labels only 

Select wrong 
control from 
a functionally 
grouped set of 
controls 

Select wrong 
control from a 
panel with 
clearly drawn 
mimic lines 

Turn control in 
wrong direction 
under normal 
operating condi- 
tions (violation 
of a strong popu- 
lational bias) 

Improperly mate 
a connector 

TABLE A-10 

Category Frequency Judgments* 

Categories 

Almost Extremely Very 
Unlike11 

4 

2 

2 

1 

2 

Unlikely 

2 

1 

0 

2 

4 

Somewhat 
Likely 

1 

1 

0 

6 

2 

*Each cell entry represents the number of experts who placed that event 
into that category. 
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TABLE A-ll 

Cumulative Frequency Matrix * 

Category 

1 2 3 4 5 

1 

2 

JJ c 

w d 3  

4 

5 

*Each ce l l  entry represents the number of experts who placed 
that  event into  that category or any of the categories be- 
l o w  it. 
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TABLE A-12 

Cumulative Proportion Matrix* 

Category 

1 2 3 4 

*Each cell entry represents the proportion of experts 
whoplacedthat event into that category or any of the 
categories below it. 
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1 

2 

c, c: 

W 
s 3  

4 

5 

Column 
Means 

TABLE A-13 

Matrix of Unit Normal Deviates 
a 

Category Row 
Means 

1 2 

-1.28 -. 52 

- .25 .25 

0 .84 

-1.69 -+ 
- .90 - .31 

3 4 

.52 1.28 0 

.84 1.28 .53 

1.06 
b 

1.69 
b 

1.69 

- .84 - . 25  -1.02 

- .25 .84 - .38 

.39 .97 Grand 
Mean 

= .04 

a Each cell  en t ry  represents  t h e  normal dev ia t e  value (2) 
corresponding t o  t h e  cumulative proportion f o r  t h a t  cel l  
shown i n  Table A-12. 

bThese z values f o r  cumulative proportions of 1 or 0 were 
taken from Table A-4. 
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A8 i n  the case of paired eanparimn8, tho ro  is a problau in how to 
handle the s i t u a t i o n  where the cell ontry is unity. 
a l l  of the judgments in a cell f a l l  a t  or below the upper boundary for 
that cell.) 
value of e should be subs t i t u t ed  that ralects the extremity of this 
s i tua t ion .  
value for proportlone of mity, one of which results in Table A-4. 
U 8 i n g  the value of 21.69 fro0 Table A 4  for z with 10 experts and the 
other normal deviate  values fram a table of the normal d i s t r ibu t ion ,  tho 
matrix i n  Table A-13 is obtained. 

(This happa8 than 

This information should not be discarded, but in8te.d sopy 

Appendix B (Section B.2) shows methods for  choosing a c 

The next step is bo calculate raw and column meam and the grand mean u 
sb6om i n  Table A-13. Valuos f o r  the category bo\mdariu ax0 tho  oolrrrn 
moans. % get 8~810 values, t h o  row m o w  for 0- w o n t  uo rubtr&at.d 
fran tho grand moan. This ptocodure rorults i n  tho following subjoative 
scale f o r  the 5 events: 

Event # 3 2 1 5  4 
Elubj~cti~e -1. Val- -le02 0.49 004 042 l e06  

It still ranAin8 to convert those malo walrus i n t o  g r o b a b i l i t i u .  Tho 
roador: is  referrd to &-ion A.2.2 f o r  t o sca l ing  poroooduru that U o  
appropriato f o r  both paird caparisons ud &k ro ru l t i ng  fram r u n g  
or ra t ing .  

A0303 Intorjudqo consistonoy. For tho O.H whoto rule ardor  d . t ~  ar0 
prarr1d.d by tho Judge, tho r o a b r  is roforrod ta cketion A.2.4 f e r  
uothodm of analyzing tho  1.9.1 oi .gtomont ktwcron ju4g.r. Rating data 
a n  k handld i n  mu& tho s.aw way as rank o r b r  data ureopt that IQI. 
provis ion  must bo rub0 fo r  ti- i n  tho r8tiapr 
frar Eketion A.2.4 i n  to- of tho motbod of oalculating tho a o o f f l d . n t  
of eoncordan. is that tha tid w o n t s  .to u c h  givon tho avorago of tho 
rank8 thoy would havo been assignod had no tfu ooeur rd .  

Tho only bifforoneo 

Tho offect of ti& ranks is bo &pus tho mluo of W e  

t i o n  of ties i r  small, tho a f f o e t  i s  negligible. 
t i o r  is largo, a corroetion should bo introdwd that w i l l  @ l i g h t l y  
incroase tho valur, of W. 

If tho prapor- 
If tho proportion of 

For ataaplo,  suppose tho data An  abl le A-10 had k e n  g m o r a t d  by th. 
r a t i n g s  shown in Tablo A-14. ma tho- ratings, tho rank orbr of 
w o n t s  f o r  oach acport 0.11 k &rivmd u shown in Tablo A-15. t9.nt8 
w i t h  the 8- rating are considuod to be t i o d  in rank. 
show8 tho sum of th. rank8 (5)  f o r  u c h  .p.nt. 

The cae f f i c ion t  of ~ ~ n c o r d a n c o ,  w, is thon calculatod as 

Tablo A-15 ale0 

W =  12s. 8 

&(n3-n) - rC T 
m 
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Expert 2 

2 

1 

1 

2 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

3 

TABLE A-14 

Ratings by Ten Experts of Five Events* 

1 

1 

2 

2 

3 

3 

3 

3 

4 

4 

5 

Events 

1 

1 

2 

1 

2 

3 

1 

2 

1 

3 

4 

3 

5 

2 

5 

4 

5 

4 

5 

5 

5 

5 
- 

3 

2 

4 

3 

1 

4 

4 

5 

4 

*Each c e l l  entry corresponds t o  the rating an expert gave to 
an event. A s  shown i n  Table  A-10, a rating of 1 corresponds 
to "almost never" and a rating of 5 corresponds to *@somewhat 
l ike ly ."  
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Expert  

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

TABLE A-15 

Rank Ordering of Eventsa 

Events 

1 2 3 4 5 

1.5 3 

3.5 1.5 

3 1 

3.5 2 

4 1.5 

2 2 

2 4 

3 1 

2.5 4.5 

4 1.5 

29.0 22 .o j 
R 

(Sum of ranks for event j) 

1.5 

1.5 

3 

1 

3 

2 

1 

2 

1 

1.5 

17.5 

4.5 4.5 

5 3.5 

3 5 

5 3.5 

5 1.5 

5 4 

4 4 

4.5 4.5 

4.5 2.5 

4 4 

b T 

1 .o 

1 .o 

2.0 

.5 

.5 

2.0 

2.0 

.5 

1 .o 

2.5 

44.5 37.0 rrp113.0 

a Cell entr ies  represent the rank ordering of the events for each 
expert. 

bT = C (t3-t), 12 where t=the number of events t i e d  at  a given rank 

and the summation (C) is across all groups of ties within the 
rank ordering for that  expert. 
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where ss is the sum of squares ( C ( 3 - B 2 ) #  m is the number of experts,  n 

is t h e  number of events,  and m I?T is the  cor rec t ion  for ties t h a t  is 
ca lcu la t ed  as fo lhws .  m 

For the rank order af each expert ,  

where t is the number of events tied a t  a given rank and the  summation, 
C8 is across a l l  groups of ties within the rank order of t h a t  expart. 
For example, for exper t  number I, there are two events tied a t  1.5 and 
t w o  events tied a t  4.5. Thus, for expert  I, 

3 3 T = ( 2  -2) f ( 2  -2) I (8-21 + (8-2) I 1. 
12 12 

The formula, ET, is then  the sum of the T valu@s across a l l  experts '  
rank orders 

I n  the example i n  Table A-15, the corrected c o e f f i c i e n t  of concordance 
is then 

2 2 2 2 2 w = 12[(29-30) + (22-30) + (17.5-30) + (44.5039) + (37-30) 1 
lOO(125-5) - l O ( 1 3 )  

Fran tables for t h e  s ign i f i cance  of the coe f f i c i en t  of concordance in 
Appendix c8 t h i s  value is s i g n i f i c a n t  beyond t h e  .01 l eve l  a s r u t i n g  tha t  
She experts are e s s e n t i a l l y  i n  agreement and t h a t  their npooledn esti- 
mate is reasonable. 

A.3.4 Estimating uncer ta in ty  bounds. Statistical estimates of MCOP 
t a i n t y  bounds cannot be made d i r e c t l y  from zne r a n k i n d r a t i n g  data un- 
less the number of experts used is quite large,  e.g.8 more than 25. 
Since it is unlikely that such a large number of exper t s  would be prac- 
tical, uncer ta in ty  bounds for a smaller number of experts can be can- 
p u t d l  by transforming the r a n k i n d r a t i n g  data i n t o  paired cornpariaon 
data. 

For example, t h e  r a t i n g  data fran Tab le  A-14 can be transformed i n t o  
paired comparison data i n  the following way. 
the number of exper t s  who rated event 2 as more , l ikely than event 1. 
Ties  are included as .5 i n  the count. 
as more l i k e l y ,  and expert 6 rated them equally giving a count of 3.5. 
This number is entered i n t o  the cell for the event 2 colunm and event 1 
r o w  as  i n  Table  A-16. Also note  that  the ent ry  for column 1 and row 2 

For the t e n  orperts, count 

Experts I, 78 and 9 rated event 2 
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TABU A-16 

1 

2 

3 

4 

5 

Paired Comparison D a t a  Derived from Ranking/Rating 
D a t a  t o  Estimate Uncertainty Bounds" 

- 3.5 1.5 9.0 7.0 

6.5  - 4.5 9.0 8.0 

8.5 5.5 - 9.5 9"O 

1.0 1.0 0.5 - 3.0 

3.0 2.0 1.0 7.0 ..) 

*Each cell en t ry  represents t h e  number of expert8 who raid an 
event l i s t e d  across t h e  top was more l i k e l y  than an event l i s t e d  
down t h e  side. Since t h e  data were derived from r a t i n g  data, an 
exper t  who gave 2 events t h e  same r a t i n g  i o  counted a8 .5 for 
t h a t  cell. 
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is 10 - 3.5 = 6.5 where 10 is t h e  number oi! experts. Using t h i s  method, 
Table  A-16 can be completely filled. 
Table  A-1 and t h e  same procedure f o r  camputing uncertainty bounds can be 
used t h a t  is described i n  Section A.2.5. 

This table is then  equivalent to  

Any of the  four judgmental procedures for estimating uncer ta in ty  bounds 
can also be used. The 
o the r s  are described i n  Sections A.2.5, A.4.4, and A.5.4. 

The ranking/rating procedure is described here: 

Ranking or r a t i n g  judgments can be elicited by asking questions such as 
the following: 

Rank order these events  according to h o w  c e r t a i n  you are 
about t h e  l ike l ihood of t h e  event. 
event for which you are most c e r t a i n  about t he  estimate an8 
n (number of evenks) to  represent  t h e  event f o r  which you 
are most uncertain. Note t h a t  we a r e  in t e re s t ed  i n  your 
uncer ta in ty  about an es t imate  of likelihood r a t h e r  than 
the estimate itself. 

U s e  1 to repreeent t h e  

or 

Rate the events on the  given scale accolcding to h o w  certain 
you are about the l ikel ihood of the event. 
i n t e r e s t e d  in your uncertainty about an estimate of l ike l ihood 
r a t h e r  than the  ertimate i t r e l f .  

Note tha t  we are 

(If the r ank ingha t ing  bounding procedure is wed f n  conjunction with 
t he  r a n k i n g h a t i n g  HEP eatimation procedure, t h e  events need to be pro- 
lrented to t h e  =pert8 only once with two s e t a  of ranking6 or rating8 to 
be used.) 

These r a n k i n g h a t i n g  data are then used ta &rive  scala values reprerent- 
i n g  the degree of uncertainty regarding t h e  HEP of each event. 
methods used to derive these scale values are the same as those wed 
with Table  A-10 through A-13 and deocribed i n  the accampanying text. 
Once tha scale values are obtained, they can  be transformed i n t o  bound6 
on XEPs using the procedures described i n  Section A.2.5 for bounding 
scale values derived fram pa i red  canpariaons. 

The 

A.4 Direct Numerical Estimation 

The steps required i n  t h i s  procedure are the following: 

1. Obtain odds judgments. 

2. Aggregate individual judgments ta provide a s ing le  odd8 judgment. 

3. Transform odds estimates i n t o  H E P s .  
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4. Determine inter judge consistency. 

5. E s t i m a t e  .uncertainty bounds. 

A.4.1 Judgments required. Previow research (e.g.O Stael von Holstein, 
1972) suggests l i t t le improvement is gained i n  direct numerical estima- 
t i o n  by using nmre than about six experts. D i r e c t  estimation procedures 
require that the judge provide numerical estimates of the likelihood of 
t h e  error .  The best procedure is to  provide t h e  expert  with a logarith- 
mically spaced scale of odds and ask him o r  her  to  mark the ecale a t  t h e  
po in t  t h a t  represents  the odds (p/l-p)) t h a t  the event occurs. It is 
important t h a t  t h i s  odds scale be of s u f f i c i e n t  detail that t h e  sen6iti.v- 
i t y  of the expert  to differences i n  event odds be displayed. Figure A-1 
shows severa l  examples of response sheet8 w i t h  odds scales t h a t  might be 
used to a8sess HEPs. 

Another consideration i n  wale &sign ita that the scale values r e f l o c t  
the es thted range of the odds of t h e  events about which t he  expert 
w i l l  make judgments. This considerat ion is pa r t i cu la r ly  important f o r  
HEPs t h a t  are i n  the extreme rangee of the odds ecale. 
p l e O  t h e  eventr listed below: 

Take0 for  exam- 

Event - 
1. Failure to reBpond to .0001 1 t9999 

annunciated legend 
l i g h t  (one of one) 

2. Incorrect  reading of 0001 
the message 

1t999 

3. Failure to resume 0001 12999 
a t t en t ion  to  a legend 
l i g h t  within 1 minute 
after an i n t e r rup t ion  

4. Failure to respond to 095 
a legend l i g h t  i f  more 
than 1 minute elapses 
a f t e r  an in t e r rup t ion  

1981 

In the case where the expert i 6  bo make a judepent about events 1, 2, or 
3, the sca l e  in Figure A-1 (a) would be appropriate since it provides 
s n f f i c i e n t  d iv is ions  i n  the scale fo r  the approximate magnitude of t he  
oddsr and t h e  appropriate end of the scale is represented (all odd8 are 

*Fran Swain and Guttmann (1980), p. 20-9. 
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Figure A-l(a) 

Odds Response Scale 

A-32 

- 1:l (p =.5) 

-- 1:s (p = .17) 

(P =*09) -- 1:lO 
-- 1:50 (P = . o a .  

-- 1:lOO (e =.01) 
-- 1:500 (p .002) 

-- 1:1,000 (p n.001) 

-- 1:5,000 (p = .0002) 

-- 1:10,000 (p =.0001) 
-- 1:50,000 (p = .00002) 

-- l:100,000 (p ~.00001) 

-- 1:500,000 (p =.000002) 

- 1 : 1,000,000 (p = .000001) 



less than 1:l). 
the  scale should look l i k e  t h a t  shown i n  Figure A-1 Ib), w i t h  a =re 
restricted range and t h e  scale representing odds greater than 1:l. 
Finally,  €or the case where seve ra l  events covering the f u l l  range of 
odds are being considered, or where the approximate range of the event 
p robab i l i t y  is unknown, a scale l i k e  Fiyure A-1 (c)  should be used, 
where the  scale cwers odds both greater than and less than 1:l. 

For event 4 alone, where the odds are greater than l t l ,  

A.4.2 Performinq the calculations.  The only ca l cu la t ions  necessary to 
produce HEPs by th i s  procedure are t h e  aggregation of ind iv idua l  expert 
judgment0 i n t o  s ing le  assessments for each event. 
XEPj,  is derived fran t h e  formula 

The HEP for w e n t  j, 

nEPj - 
where Oddaij is t he  odda e s t h t e d  by exper t  i f o r  event j ,  and m i 8  the 
number of experts. 

TO demonstrate thia c a l a l a t i o n ,  suppose s i x  expert. provided t he  odds 
judgments shown on Table  A - l 7 ( a ) .  
turned i n t o  decimal odds valuer  as i n  Tabla A-17 (b) 
the  aggregation by hand, t h e  rimplest  procedure i r  to take logarithm Of 
t h a  values i n  T a b l e  A=17(b) c r e a t i n g  a table s w h  &E A-17(c). The aver- 
age logarithm value f o r  aach event is then camputad as the sum of the 
numbers i n  the column divided by m (equal rix i n  t h i s  acunplr], the nuaa- 
ber of expertrr. 
odds e s t a t e  f o r  each event. These odda are converted i n t o  HEPs 
through the fomula  

These odds judgments must firat be 
Then to perfoxm 

Then antilogarithms are taken to provide an aggregated 

A.4.3 Interjudge consistency. The ANalysis Of VAriance (ANWA) st&tis- 
t ical  paradigm provides a method for examining consistency across exo 
pert8 o€ judgments of probabili ty.  The method allow. f o r  varhtion bo 
be separated i n t o  tha t  accounted for by the difference8 amng event pro- 
babilities, r e l a t i v e  to the v a r i a t i o n  due to difference8 anaang judger. 
The statist ic produced is called the i n t r a - c l a s s  co r re l a t ion  coef f i -  
c i en t .  
pair of exper t s  making estimates. 

It represents  a measure of the average co r re l a t ion  between each 

The analysis proceeds i n  two basic parts. 
ANOVA €or repeated measures (because each expert  makes a judgment Of 
tach of the events and has thus  been measured repeatedly). 

The first is to conduct an 

An ANOVA is 
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Figure A-l(b) 

Odds Response Scale for Likelihood Ratio Judgments 

Mark the scale  a t  the point 
that represents your judgment 
of the odds i n  favor of an 
operator fa i l ing  to respond 
t o  a legend l i g h t  i f  more 
than lminute  elapses  a f t er  
an interruption 

Odds 

10,000 I1 

- 

5 , O O O : l  

1,000: 1 

500: 1 

100 : 1 

50: I 
10:l 

5: 1 

1 : l  

(p = .9999) 

(p .9998) 

(p” .999J 

(p .998) 
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Figure A-l(C) 

For each human error mark the 
scale a t  a point tha t  represents 
your judgment of the odds i n  favor 
of t h a t  error occurring. Remember 
that, f o r  example, odds of 1:lOO 
mean that the error is one hundred 
times less l i k e l y  t o  occur than 
not  t o  occur 

Odds 

1,000,000: 1 (p = . SSSSSS) 

- 

T - lOO,OOO:l 

- 10,000:1 

- 1,000t i  

- 1OO: l  

- l 0 : l  

- I t 1  

- 1 : l O  

- 1:lOO 
- 1:1,000 

- 1~10,000 

- 1: 100 ,000 

(p "e999991 

(p n.9999) 

(p n.999) 

(p *.99) 

(p a.91) 

(P n.5) 

(p n.09) 

(p *.01) 

(p =.OOl) 

(p =.0001) 

(p 2 e 00001 1 

I_ 1:1,000,000 (p =.000001) 
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TABLE A-17 

Aggregation of Direct Numerical Estimation of HEPS 

Expert 

1 

2 

3 

4 

5 

6 

a. Odds 
Event 

1 2 3 4 5 

1 : 400 1 : 150 1:lO 1:lOO 1:14 

1 : 1000 1 : 100 1:9 1:75 1:9 

1 : 2500 1 : 200 1:75 1:30 1: 9 

1 : 100 1 : 1250 1 : 1500 1:14 1:9 

1: 300 1: 125 1 : 100 1 : 100 1:75 

1 : 200 1:lO 1 : 110 1:75 1:9 

b. Decimal Values (x lom3) 

Event 
1 2 3 4 5 

2.5 6.67 100 .o 10.0 71.4 

1.0 10.0 111.1 13.3 111.1 

.4, 5.0 13.3 33.3 111.1 

.8 -663 71.4 111.1 10.0 

3.33 8.0 10.0 10.0 13.3 

5.0 100.0 9-09 13.3 111.1 

Expert 

1 

2 

3 

4 

5 

6 
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TABLE A-17 (Continued) 

Aggregation of Direct Numerical Estimation of HEPS 

Expert 

1 

2 

3 

4 

5 

6 

Sm/6 

antilog 
(Odds) 

HEP 
(=Odds/(l+Odds) 

c. log odds 
Event 

-2.6021 

-3.0000 

-3.3979 

-3.0969 

-2.4776 

-2.3010 

-2.8126 

.0015 

.0015 

-2.1759 

-2.0000 

-2.3010 

-3.1759 

-2.0969 

-1.0000 

-2.1250 

.0075 

.0074 

-1.0000 

-0 9543 

-1.8761 

-1.1463 

-2.0000 

-2.0414 

-1.5030 

.0314 

.0304 

-2.0000 

-1.8761 

-1.4776 

-0.9543 

-2.0000 

-1.8761 

-1.6974 

.0201 

.0197 

-1.1463 

-0.9543 

-0 9543 

-2.0000 

-1.8761 

-0.9543 

-1.3142 

.0485 

.0463 
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designed to divide the  v a r i a t i o n  i n  the  data ( i n  this case the individ-  
u a l  judgments) i n t o  por t ions  due to the factor of i n t e r e s t  (d i f fe rences  
i n  p robab i l i t y  among events )  and that h%ich is due to error (d i f fe rences  
among judges i n  t h e i r  estimates of the event  p robab i l i t i e s ) .  

The second part of the  analysis is to use the estimates of the variance 
of events  and judges to form t h e  i n t r a c l a s s  co r re l a t ion  coef f ic ien t .  
The coefficient represents  a proportion, t h e  proportion of the total 
v a r i a t i o n  i n  the  da ta  not  produced by differences across experts i n  judg- 
ments. Thus, &en this m d e r  is 1.0, it means that all 6f the  var ia-  
t i o n  is among events,  and t h a t  the exper t s  are pe r fec t ly  consistent w i t h  
each other.  A value of 0 implies t h a t  none of the va r i a t ion  is produced 
by d i f f e rences  among events, i.e., a l l  is because of in tc r judge  incon- 
s i s t enc ie s .  

An wample should make these concepts more clear. Assume that each of 7 
judges have made judgments about the  p robab i l i t y  of each of 5 events. 
Data that might r e s u l t  from these  judgments are shown i n  Table  A-18. 
The first step is to do a logari thmic transformation of each of t hese  
values. This is necessary t o  f u l f i l l  the assumption of the ANOVA model 
that the values be approximately normally d is t r ibu ted .  The r e s u l t  i s  
t h e  table shown i n  A-19. These numbers will now c o n s t i t u t e  t he  input  
values for t h e  ANOVA. The ca l cu la t ions  required f o r  an ANWA are som- 
what lengthy, and s i n c e  the re  are a nullber of canned statistical com- 
puter packages t h a t  perform this type of analysis, we recamend that one 
of them be used (see, for example, t h e  s t a t i s t i c a l  package f o r  the 
social sciences). In  the example, however, the  complete set of calcula-  
tions is shown to demonstrate the procedure. 

A f t e r  t he  t ransformation,  t he  next s t e p  i n  the ca lcu la t ions  is to COm- 
pu te  c o l u w  ( E i )  and r o w  sums (Jj ), and t h e  grand sum (GT). These are 
shown i n  T a b l e  A-19. 
tities : 

N e x t ,  we c a l c u l a t e  the following intermediate  quan- 

" 2  
c (Ei) (-14.4894) 2 +(-20.S879)2+(-14.6655)2+(,10,1426)2+(-4~4224)2 

0 
i=1 

m 7 [El = 

2 2 2 2 
C(J 

j J ! ,  3L (-10.0) + (-8.2006) + (-8.0635) + (-10- 4437) + (-8.9058) 2+ (-9.5406) 2+ (9.1536) 
n 5 

[Jl = 
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TABU A-18 

Probabi l i ty  E s t i m a t e s  f o r  5 Events 

Event 

1. F a i l u r e  to 
ca r ry  o u t  a 
p l a n t  po l icy  
when t h e r e  i s  
.m check on a 
person 

2. Fa i lu re  t o  i n i -  
tiate a checking 
function 

3. Fa i lu re  to use 
a value res- 
tora t ion  list 

4. Fa i lu re  to  use 
w r i t t e n  cali- 
b ra t ion  proce- 
dures 

5 .  Fa i lu re  t o  use 
w r i t t e n  rnainte- 
nance procedures 
when a v a i l a b l e  

7 
u Expert a 

1 

2 

3 

4 

5 

6 

7 

. 0001 . 001 .1 .5 
~ 

.003 .02 .06 .35 .005 

.009 

.015 

.004 

.008 .1 .02 06 

.0004 .003 . 01 .2 

.0023 .006 .15 .15 

. 01 I .0009 . 01 .008 .4 

.006 I .0013 
~~ 

.006 .05 .3 



1 

2 

3 

8 4  2 
5 

6 

7 

-2.3010 

-2.0458 

-1.8239 

-2.3979 

-2.0000 

-2.2218 

TABLE A-19 

Logarithmic Transformations of HEPs for ANOVA 

-2.5229 -1.6990 -1.2218 

-2.0969 -1.0000 -1.6990 

-3.3979 -2.5229 -2.0000 

-2.6383 -2.2218 - .8239 

-3.0458 -2.0000 -2.0969 

-2.8861 -2.2218 -1-3010 

Event 

1 2 3 4 

-1.6990 -4.0000 -3.0000 -1-0000 I 
5 -1 -1 

-1.2218 

- .6990 

- .8239 

1 - .3979 I -1 

j 
J 

(Row S u 4  

-10 00 

- 8.2006 

- 8.0635 

-10.4437 

- 8.9058 

- 9.5406 

- 9.1536 

-14.4894 -20.5879 -14.6655 -10.1426 -4-4224 GT = -64.3078 Ei 
(Column Sum) (Grand Sum) 
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595*47 = 119.1 = 5  

and 

2 2 2 2 n m  
[EJI = C C (E J.) = (-1.6990) +(-2.3010) +(-2.0458) 

i x l  j-1 5 3  

= 145.9 

In  these equations, GT is the grand sum, E i  is the colunm sua for event 
i, Jj is  the row sua for judge j ,  and m and n are the number of judges 
and events respe -.ively. 

The variance e s t h t e s  can now be calculated f o r  each of t h e  canponents 
as shown i n  Table  A-20. 
ferences by the  appropriate degrees of freedan ( t h e  number of l eve l s  of 
that factor aninus 11, a quant i ty  known as the mean squared differences 
i s  obtained. The r a t i o s  of the m a n  squared differences for events and 
judges canpared to the events by jcdges in t e rac t ion  produces a r a t i o  of 
variance estimates that is d i s t r ibu ted  as an F s t a t i s t i c .  A table of 
the F d i s t r ibu t ion  (found i n  any standard statistics textbook) w i l l  then 
give the statistical s igni f icance  of each factor .  In our example the 
effect fo r  events w a s  s ign i f i can t  beyond the .001 level. The e f f e c t  for 
judges was not s ign i f icant ,  however, implying a high degree of consist-  
ency among experts. 

By dividing each of t he  sums of squares of dif- 

The last step is to ca lcu la te  t he  i n t r a c l a s s  cor re la t ion  coef f ic ien t  
from the quan t i t i e s  determined fo r  the ANOVA. The formula is: 

a F-1 
F + (n-1) 

= 20.0 - 1 
20.0 + (5-1) 

= 079, 

where F is the F ratio for  t h e  events fac tor .  As discussed e a r l i e r ,  
th i s  quant i ty  can be in te rpre ted  ao an average correlat ion.  Thus, a 
value of 079 indica tes  a high degree of agreement among judges. 

A.4.4 Estimating uncertainty bounds. S t a t i s t i c a l  estimation of uncer- 
t a i n t y  bounds for HEPs obtained from direct numerical estimation should 
be calculated using logarithms of the HEPs rather than the HEPs them-  
selves.  
HEP estimates- The odds estimates i n  Table A - l 7 ( a )  must be converted 

Thus, the first step is to take the logarithms of each expert ' s  
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TABLE A-20 

ANOVA Calculations 

Degrees of Sums of Squared 
Sources of Variation Calculations Differences Freedom 

? e Events [El - [TI 138.8-118. B20.6 5-1=4 

Judges [ Jl - [TI 119.1-118.2z.9 7-1=6 

Events X Judges [E31 - (JI-EEI + [TI 145.9-119.1-138.8+118.2~ .2 (5-1) (7-1)=24 

Mean 
Square F Ratio 

20.0** 

-- 6*2-.26 
24 

TOTALI [EJ] - [TI 145.9-118.2127.7 34 

**P<. 001 



i n t o  probabilities using the formula P = odW(l+odds) . 
data  such as i n  Table A-21 which shows s i x  experts' estimates of log  
HEPs for f i v e  events. 

This results i n  

The var iance over experts  for these log BEB estimates, Wlog -1) 8 is 
ca lcu la ted  as 

where H E P i j  is  the HEP estimated for event i by expert j and m i s  the 
number of experts. 
mate (s.e.) can be calculated by dividing by m (m=6 i n  th i s  case) and 
tak ing  the  square root: 

From the variance, the standard error of the esti- 

The approximats 95 percent  uncertainty bounds for the l o g a r i t h m  of the 
HEP estimates are 22s.e. 
uncer ta in ty  bounds for the example are shown i n  Table A-22. The bounds 
on HEPs are found by taking ant i logari thms of the bounds on log HEPs. 

The HEPs from Tab le  A - 1 7 ( c I r  log  m s 8  and 

I n  addi t ion to this  statistical procedure, uncertainty bounds can also 
be estimated judgmentally. 
of uncertainty bounds is described. Other judgmental methods are as- 
cussed i n  Sections A.2.5, A.3.4, and A.5.4. 

Here, the use of direct numerical judgments 

D i r e c t  numerical estimates of uncertainty bounds can be obtained using 
response scales such as those sbwn i n  Figure A-1. 
to mark on the scale the values such that he/she is 95 percent c e r t a i n  
the HEP is between, i .e. ,  mark the lower and upper bounds. 
uncer ta in ty  bound estimates of the experts  are aggregated in the same 
manner as are HEP estimates (see Section 4.2). That is the lower bounds 
est imates  of individual  experts are aggregated to produce a lower bound, 
and the upper bound estimates of-the individual  experts are aggregated 
t o  produce the  upper bound. 

Each expert is asked 

These 

A.5 I n d i r e c t  Numerical Estimation 

The steps required i n  this procedure are the following: 

1. Obtain indirect numerical r e l a t i v e  likelihood judgments. 

2. Obtain inaependent estimate of one HEP. 

3. Calculate  odds fram 1 and 2. 

A-4 3 



TABLE A-21 

S t a t i s t i c a l  Estimation of Uncertainty Bounds 
f o r  Direct Numerical Estimation* 

Expert 

Event 
- -~ 

1 2 3 4 5 

-2.6031 -2.1790 

-3.0004 -2.0043 

-3.3981 -2.3032 

-3.0973 -3.1764 

-2.4786 -2.1004 

-2.3032 -1.0414 

(Variance=log mPi) .1748 .4658 

m 

where m=the number of exper t s  

s.e. .1707 .2786 
(Standard error) 

m 

-1.0414 

-1.0000 

-1.8008 

-1.1761 

-2.0043 

-2.0453 

.2517 

.2048 

2s.e. .3414 .5573 .4096 

-2.0043 

-1.8808 

-1.4914 

-1.0000 

-2.0043 

-1.8808 

.1567 

-1.1761 

-1.0000 

-1.0000 

-2.0043 

-1.8808 

-1.0000 

.2215 

1616 

.3232 

1921 

*Each cel l  en t ry  represents the log  HEP for t h a t  event by 
t h a t  expert. 
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TABLE A-22 

Event 

S t a t i s t i c a l  Uncertainty Bounds on Direct 
Numerical E s t i m a t e s  of HEPs 

.0015 

.0074 

.0304 

.0197 

.0463 

log HEP 

-2.8239 

-2.1308 

-1.5171 

-1.7055 

-1.3344 

Bounds  on 
log HEP 

-3.1653, -2.4825 

-2.6881, -1.5735 

-1.9267, -1.1075 

-2.0287, -1.3823 

Bounds on 
HEP 

.00068, .OO33 

.0021, .6267 

.0118, .0781 

.0094, .0415 

.0191, .1122 
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4. 

5. Transform odds estimates i n t o  H E P s .  

60 Determine in te r judge  consistency. 

7 .  E s t i m a t e  uncer ta in ty  bounds. 

Aggregate odds for ind iv idua l  exper t s  i n t o  a s ing le  odds estimate. 

A.5.1 Judgments required. Ind i r ec t  nuamrical estimation requires judg- 
ments of the r e l a t i v e  l ike l ihood of pairs of human errors- For example, 
the exper t s  might be asked which is more l ike ly ,  t he  failure to detect 
one deviant unannunciated display a t  a s i n g l e  scan for a meter w i t h  
l i m i t  marks ox wlthout l i m i t  marks; and h o w  many times more l ikely.  
w i t h  direct numerical estimation, l i t t l e  is gained by using more than 
six exper t s  (Stael von Holstein).  

A s  

Ts ob ta in  a caaplete set of p r o b a b i l i t i e s  f o r  n events requires a mini- 
mum of n-1 such judgments and an independent estimate of t h e  HEP of one 
event. 
checks. For example, event a may be judged three times as l i k e l y  as 
event b; and b is considered twice a l i k e l y  as event co 
ency Check, a could be compared w i t h  C. 
t ha t  a is six times as l i k e l y  as C .  

obtained from the expert ,  the inconsistency should be pointed out and 
the expert should reconcile h isher  judgments. 

Additional judgments, however, may be obtained as consistency 

A s  a consist-  
A cons i s t en t  judgment would be 

If an incons is ten t  judgment is 

The determination of w h i c h  events are paired for judgments should be 
accanplished by first making a rough rank ordering of the events accord- 
i n g  to  likelihood. Adjacent events should be paired, with any consis- 
tency checks caning from pa i r ings  w i t h  other events close i n  rank. This 
procedure w i l l  minimize biases i n  judgment that  tend to occur as such 
judgments becane more extreme. 

I n  addi t ion  to the r e l a t i v e  likelihood judgments, a n  independent esti- 
mate of one HE2 is pecessary t o  serve as the anchor by which to convert 
t h e  r e l a t i v e  numerical judgments i n t o  probabilities. This may be  p r e  
vided by inc luding  an event with known probabi l i ty  i n  the set of events 
considered, or by direct numerical judgment using the qtoestions and 
response scales described i n  Section A.4. 

As w i t h  direct numerical estimation, t h e  response scale should be care- 
f u l l y  selected. Fox these judgments the range of responses should be 
more limited than it is f o r  direct numerical judgments because of the 
way i n  which events are paired. 
scale needs to be used s ince  a l l  responses w i l l  be 1:1 o r  greater. 
Also, more detailed gradations i n  the scale w i l l  be necessary, because 
some of the r e l a t i v e  l ike l ihoods  may be quite close to 1:l- 
assessment scale is shown i n  Figure A-2. 

only t h e  increasing portion of t he  

An example 
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Figure A-2 

Assessment Scale for Likelihood Ratio Judgments 

Place a mark beside the error 
of t h e  following pair of human 
errors that  is more l ike ly :  

1. I n  one scan, f a i l u r e  to 
d e t e c t  one (of one) deviant ,  
unannunciated display,  where 
the d isp lay  is a meter wi th  
l i m i t  mark 

OZ 

2. I n  one scan8 f a i l u r e  to  
detect one (of one) deviant,  
unannunciated d isp lay  8 where 
the display is a meter without 
l i m i t  marks 

Now mark the  scale a t  t h e  r igh t  a t  
t h e  po in t  t h a t  represents  how many 
times more l i k e l y  the error you have 
chosen is  than t h e  other 

-1OO:l 

-- 1 O : l  
9: 1 - 8:  1 - 7:1 

I 6: 1 

- 5:1 

4:1 

3:1 

-- 2:l  
1.8:1 .. 1.7:l 
1 . 6 ~ 1  .. 1.5:l 

s -  1 . 4 ~ 1  

a -  1.3:l 

.- 1.2:l 

- 1.1:l 

1 1:l 
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If more than one expert  is providing judgments, t h e  p r o b a b i l i t i e s  de- 
r ived  from the indiv idua l  judgments can be aggregated d i r e c t l y ,  or the 
NGT can be used to a l l o w  the experts  to in t e rac t .  
would proceed as follows. 

For each judgment, it 

1- W i t h  the experts  together as a group, each expert ,  without 
discussion, p r i v a t e l y  judges the r e l a t i v e s  likelihood of a pair 
of events. 

2 .  Then, aga in  without discussion, each expert presents  h i s h e r  
estimate t o  the group. 

3. The judgments are discussed for c l a r i f i c a t i o n  and evaluation, 
w i t h  a discussion leader  con t ro l l i ng  discussion to maintain 
relevance and prevent domination. 

4 Each expert  ind iv idua l ly  re-evaluates his/her judgment. 

Once the f i n a l  judqnents are made, the individual  estimates are aggre- 
gated using the same procedure described i n  Section A.4.2. 
l imi t a t ions  are a pioblem, use of the NGT w i l l  be faster i f  several  judg- 
ments a t  a t i m e  are made and discussed. 

If t i m e  

A.5.2 Performinq ca lcu la t ions .  The f i r s t  ca lcu la t ion  required is 
to transform the relative likelihood judgments i n t o  probabilities for 
each expert. Suppose one expert  gave the judgments shown i n  Table A-23. 
A l s o  suppose t h e r e  was an independent estimate of t h e  HEP of event 16-05 
o r  odds of 1:19 (where odds are p/(l-p) 1. Then the odds for event 2 are 
three t i m e s  the odds for event 1: 

odds2 = - .  3 1 3  -=-.  . 
1 19 19 

Similar ly  the odds f o r  event 3 are l / l .S  or 2/3 times the odds f o r  event 
2 or 2/19. 
to  the odds shown i n  T a b l e  A-24. The H E P s  are calculated as 

Continuing t h i s  mul t ip l i ca t ive  process for a l l  events leads 

A f t e r  HEPs  are derived for each expert, they must be aggregated across 
exper t s  t o  obta in  s i n g l e  H m  estimates for each event. The procedure 
used for  aggregation is described i n  Section A.4.2. 

A.5.3 
mation, t h e  i n t r a c l a s s  co r re l a t ion  c o e f f i c i e n t  provides a measure of 
in te r judge  consistency for r e l a t i v e  numerical estimation of likelihoods- 
Once HEPs have been derived from the r e l a t i v e  likelihood judgments, the  

Inter judge consistency. As in t h e  case of direct numerical esti- 
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TABLE A-23 

Example of Relative Likelihood Judgments 

Events* : 

Fa i lu re  t o  detect one 
(of one) devian t  unannun- 
c i a t e d  d isp lay  a t  a s ing le  
scan f o r  d i sp lay  type: 

1. 

2. 

3. 

4. 

5. 

6. 

7. 

Meter with l i m i t  marks 

Meter without l i m i t  marks 

Chart recorders with l i m i t  
marks 

Chart recorders without 
l i m i t  marks 

Annunciator l i g h t  no 
longer annunciating 

Legend l i g h t  o ther  than 
annunciator l i g h t  

Ind ica to r  lamp 

Event P a i r  

1 x 2  

2 x 3  

3 x 4  

4 x 5  

5 x 6  

6 x 7  

*Events taken from Swain and Guttmann (1980) p. 20-12. 

A-49 

Relative 
Likelihood 

1:3 

1.5:l 

1: 3 

1:20 
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TABLE A-24 

Odds and HEPs Derived from Relative 
Likelihood Judgments 

Event - Odds - 

6 

7 

1/19 

3/19 

2/19 

6/19 

120/19 

600/19 

1200/19 

.05 

.136 

.095 

.24 

.863 

.969 

.984 
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method described i n  Sect ion A.4.3 can be used ta ca lcu la te  the in t ra -  
class co r re l a t ion  coef f i c i en  t . 
A.S .4 Estimating uncertainty bounds. Statistical uncertainty bounds on 
the HEP estimates can be derived using the same method as used for 
d i r e c t  numerical estimation, which is described i n  Section A.4.4 

Judgmentally estimated uncertainty bounds can be obtained using any of 
the judgmental procedures described i n  Sections A.2.5, A.3.4, and A.4.4; 
or using the  following procedure based on r e l a t i v e  numerical estimates. 

Each expert  is given n-1 p a i r s  of events (or more i f  consistency checks 
are wanted1 and asked to judge the  r e l a t i v e  uncertainty of l ikel ihood 
est imates  for the two events: 

Express i n  terms of order of magnitude your r e l a t ive  uncertainty 
about t he  likelihood of occurrence of the two events. For example, 
i f  you feel that the 95 percent uncertainty bounds for event a are 
p lus  and minus one order of magnitude and the same bounds for event 
b are plus  and minus one and a half orders of magnitude, your re- 
sponse should be that b i s  more uncertain than a and the ra t io  of 
uncertainty i s  1.5 to  1. 

I n  addi t ion to these judgments, one independent estimate of uncertainty 
bounds is  needed, either from an otherwise known estimate or from a 
d i r e c t  numerical estimate using a question such as given i n  Sect ion 
A02 .S 0 

Each expert's uncertainty bounds are then determined us ing  the single 
independent estimate and multiplying by the  appropriate r e l a t i v e  uncer- 
t a in ty  judgments as shown i n  Table A-25. For th i s  example, i t  is 
assumed there is an independent estimate of the  uncertainty bounds on 
event 1 of .8 orders of magnitude. To aggregate these uncertainty 
bounds across experts ,  simply take  the average of the estimates f o r  each 
event. 

These uncertainty bounds are on log HEPS. Bounds on ac tua l  probabil- 
i t ies are found by first f inding log  HE^ + the  uncertainty bound, and 
then taking anti logarithms-of these v a l u z  as w a s  shown i n  T a b l e  A-9. 

A.6 Mult ia t t r ibu te  U t i l i t y  Procedure 

The steps required i n  this procedure are the following: 

1. Determine relevant  PSFs. 

2. Rank order r e l a t i v e  importance of PSFs. 
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TABLE A-25 

Event Pair 

1 x 2  

2 x 3  

3 x 4  

4 . x  5 

5 x 6  

6 x 7  

Calculation of Uncertainty Bomds from 
Relative Numerical Judgmelits 

Relative 
uncertaintx 

2 : l  

1:1.2 

3:l 

1:2 

1: 1.5 

1: 1.5 

Event - Uncertainty 
Bounds 

.8 

' . 4  

.48 

.16 

.32 

.48 

.72 
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3. Weight the  PSFs. 

4. Rate the e f f e c t  of each PSE' on each event. 

5. For each expert  and each event, ca lcu la te  a scale value as the 
sum of the weighted ratings. 

6. 

7 .  Transform scale values of individual experts into HEPs.  

Obtain independent estimates of two events. 

8. Aggregate individual  HEP estbates i n t o  a s i n g l e  estimate. 

9 D e t e d n e  interjudge consistency. 

10. E s t i m a t e  uncertainty bounds. 

A.6.1 Preliminary preparation. The simplest  4 s  use mul t i a t t r i bu te  u t i l -  
ity procedure is one based on Edwards (1977) and &scribed completely i n  
Embrey (1981b). The experts must first d e t e d n e  which P a s  are mat 
re levant  f o r  the set of events being considered. It is important that - a l l  consideration of PSlPs be specific to the p a r t i c u l a r  set of events. 
The i n i t i a l  consideration of P a s  should be a screening to reduce the 
number of possible PSFs to a practical m e r .  Our recanmendation is 
that no more than about 11 be used in subsequent scaling. This number 
or fewer can be obtained by having the  mpertsr rank order a set of P 8 r t  
f o r  example those i n  Exhibit  2-1 ( f r o m  Swain and Guttmann, 1980 1 
Embrey (1981b) used another set of PSFs t h a t  included: 

e 

0 

e 

0 

0 

e 

0 

0 

e 

e 

0 

0 

operator awareness of system a t a t e ,  

t r a in ing  , 
feedback, 

c l a r i t y  of respons ib i l i ty ,  

time , 
qua l i ty  of lpocedures, 
canpleacity of decision making, 
opportuni t ies  folt e r r o r  correct ion,  

c m p l e x i t y  of task, 

qua l i t y  of supemision and checking, 

consequences of f a i l u r e ,  

degree of task funct,ional i so la t ion ,  and 

adverse environmental conditions.  
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Each PSF should be defined as w e l l  as possible. 
i n s t r u c t e d  : 

The experts should be 

For the set of events under consideration, rank these 
PSFs i n  t he  order of the degree t o  which they affect 
the p robab i l i t y  of an error on these events. 

This  ranking can be carried out without any i n t e r a c t i o n  among the 
experts, o r  the NGT can be used. 
be brought together. 
desc r ip t ions  of the events  and PSFs to  be considered, they would be 
asked ind iv idua l ly  to rank order t h e  PSFs. 
s e n t  his/her rank order to the group. 
discuss t he  rank orders  and the r e l a t i v e  effects of the smrious PSFS. 
Fina l ly ,  a f te r  the discussion, each expert  would again rank order  the 
PSFs. 
quent  estimation process can be determined by averaging the ranks 
aesigned to each PSF and using t h e  PSFs w i t h  t h e  h ighes t  amrage ranks. 

In the latter case, the  exper t s  would 
A f t e r  explanations of the purpose of the study and 

Then each expe r t  would pre- 
Following t h i s ,  the  exper t s  could 

Whether or not the NGT is used, the PSFs to be used i n  the subse- 

A.6.2 Judgments required. 
cal o r  formal, for determining t h e  number of experts needed for this 
procedure. 
i n g  t h e  m u l t i a t t r i b u t e  u t i l i t y  procedure. 
frcm the exper t s  are weights f o r  the ex ten t  to which the PSFs affect the 
l ike l ihood of error for t he  events specified.  These weights can be e l i -  
c i t e d  using t h e  following in s t ruc t ions .  

A t  p resent ,  t h e r e  is no basis, either empiri- 

Research w i l l  be required on this subject prior to implement- 
The f i r s t  judgments required 

1. Rank order the PSFs in terms of t h e  ex ten t  to which they  
determine the l ikelihood of an error for the events under con- 
s ide ra t ion .  
r i n g  to t h e  effects of t h e  PSFs on t h i s  s p e c i f i c  set of e w n t s  
and not the general  importance of the PSFs. 

It is important to keep i n  mind t h a t  we are refer- 

2. Now weight the PSFs. 
PSF having the least effect on error likelihood for t h i s  speci- 
f i c  set of events. 
ranked PSF. 
t i v e  e f f e c t  on e r r o r  l ike l ihood of the next higher ranked PSF 
compared w i t h  the  lower ranked PSF. 
ranked PSF has  twice the effect, a s s ign  a weight of 20; or if 
it has one and a ha l f  times the  e f f e c t ,  assign a weight of 15. 

A r b i t r a r i l y  assign a value of 10 to  the 

Compare this PSF with  the next higher 
Assign a weight r e f l e c t i n g  the ratio of the rela- 

For example, i f  the higher 

3. Continue comparing PSPs ranked next  to each other and assigning 
ratio weights. For example, if the lower ranked PSF has a 
weight of 40 and the higher ranked PSF has throe t i m e s  the 
e f f e c t  on l ikelihood of error, assign it a weight of 120. 

4. Check for consistency among weights by comparing PSFs that  are 
not  adjacent i n  rank. For example, i f  one PSF has a weight of 
150 and another a weight of 30, the former should have five 
times the e f f ec t .  
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Again t h i s  procedure can be accomplished by the  experts individually,  
e.g., through a mail-out questionnaire,  o r  using the NGT i f  experts are 
braaght  bogether. I f  the NGT is not used, a l l  ca lcu la t ions  should be 
peLfonm3 independently f o r  each expert  with aggregation after probabil- 
i ties have been derived. 

I f  the X T  is  used, each expert should weight the set  of PSFs as de- 
scribed above. 
ing of PSFs aks:we), u n t i l  subsequently each expert nas Foduced a set of 
weights . 

Then the steps of the NGT should be followed (see rank- 

The next set of judgments each expert must m a k e  '-7 an evaluation of the 
degree to &ich each PSF is "good" 07: "bad" as it ots-.*&$ for ea& event. 
rhese judgments are made on a 0 to :GO scale where 0 means the PSF has 
t h e  maximally degrading effect on task performance, and 100 ind ica t e s  
the PSF's effect is maximally enhancing. These anchors should be de- 
f ined  as prec ise ly  as possible. 

I f  the NGT is being used, each evaluation estimate ( f o r  one PSF and one 
event) should be made using the  f i r s t  four steps i n  the NGT. It may be 
necessary, i n  order to save t i m e ,  t o  have each expert make evaluation 
judgments f o r  a l l  events on a s i n g l e  PSF, and then follow the NGT for 
these sets of judgments. The r e s u l t  of this process f o r  each expert, 
whether t h e  NGT is used or not,  is a set of evaluation judgments (on a 0 
to  100 scale) describing t h e  ex ten t  to which each PSF degrades or en- 
hances each event, and a set of weights describing the relative impor- 
tance of each PSF i n  determining the  l ikelihood of error .  

A.6.3 Performing the ca lcu la t ions .  The exact nature of the calcula- 
tions depends to some exten t  on whether or not the NCT is used. 
tions for when it is 9 used are described f i r s t .  

Each expert  w i l l  have made a set of judgments such as those described i n  
Table A-26. A s s u m e  the events are the same f ive  events described i n  
Section A.3. 
ing each weight ( W . )  by the sum of weights. 
index of l i k e l i h o d ,  S i ,  i s  ca lcu la ted  by multiplying the  normalized 
weight, (NWJ) ,  by the  evaluation, X i j ,  of event i on PSFj, and summing 
across  PSFs: 

n 

Calcula- 

The f i r s t  ca l cu la t ion  is to normalize t h e  weights by divid- 
Then, f o r  each event i, an 

These values for the example are shown i n  t he  last column of Table  A-26. 

The scale values are transformed i n t o  p robab i l i t i e s  using t h e  same pro- 
cedure used f o r  paired comparisons and ranking/rating procedures. 
pendent estimates are needed f o r  two probabili t ie.  
mates, the procedure described i n  Section A.2.2 is used. 

Inde- 
With these esti- 
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Event  

TABLE A-26 

a Exarnplt oi' j l t i a t t r i b u t e  U t i l i t y  Judgments 

PSFs 
~ ~ ~~ ~~~ ~ ~ 

Awareness of '22aining Feedback Time Q u a l i t y  of 
System state Procedures  

Weight (Wj) 

mj = 235 

Normalized 
Weight (MJ 1- 

j 

40 

20 

20 

40 

50 

50 80 90 70 

40 60 90 50 

60 80 90 60 

80 90 40 BO 

60 70 20 70 

135' i s  30 :L 5 1 0  

.57a .191 .128 .064 .043 

Index 
O f  
L i k e l i -  
hood [ S i f  

a Each cell e n t r y  (X 
by an expert. 

) r e p r e s e n t s  t h e  weight given t o  PSF f o r  even t  i 
i j  j 

'Each v a l u e  i n  t h i s  row (W ) r e p r e s e n t s  the weight  given t o  PSF f o r  the 3 j 
set of e v e n t s  under c o n s i d e r a t i o n  by an expert. 

n 
'The i n d e s  of  l i k e l i h o o d  for even t  i (Si) - Z NW Xi,, where n r e f e r s  

j to  t h e  number of PSFs. 3-1 
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34.7 

41.5 
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For each event, each expert's HEP es t imates  must be aggregated to obtain 
a s i n g l e  HEP. This aggregation is accanplished using t h e  formula 

HEP 
j 

where H E P ~  is the aggregated'- estimate for event  j 8 smij is the WO- 
b a b i l i t y  e s t h t e d  f o r  event j by expert i, and m is t he  number of 
experts. 
f i v e  events were as show. i n  Table  A-27. 
hand, t h e  simplest  procedure is to create a new t a b l e  w i t h  e n t r i e s  
HEPij/(l'Hmij) as shown in Table A-28(al. 
HEPi / ( l - H E P i j )  x 10-3.) Then, logarithms of these  e n t r i e s  are obtained 
as down i n  T a b l e  A-28(b). These logarithm3 in each column (event) are 
summed, t h e  sum is divide% by m(6), and anti logarithms are taken result- 
ing  in: 

mpwse, for example, t h e  HFS estimates of s ix  experts for 
To perform t h e  aggregation by 

(Entries fr, Table A-28 me 

Event: 1 2 3 4 5 
sum of logs: -11.284 -16.136 -11 0985 -10 0629 -9 059 

sunJ6 : - 1.881 0 2.689 1.998 0 1.772 -1.599 
anti logarithm: e 0 1 3  .002 .010 -017 e025 

( l + a n t i l o g ) :  013 0002 . 010 0017 0025 
HEP=an t il og/ 

1 - XEP 

These anti logarithms are equal to (il&G)y The EIEps are then found 

by a v i d i n g  each of t hese  values bi one p lus  -the value. 

If t h e  NGT is used, aggregation across  experts occurs a t  d i f f e r e n t  
points in the  process. 
gated f i r s t  using the formula 

Individual judgments regarding weights =e aggre- 

. 

where WJ is t h e  weight for PSF., wiJ is the  weight assigned by expert i 
t o  

For example, i f  six experts have assigned t h e  weights bo t he  f i v e  PSFS 
as shown in Table A-29, t h e  ca l cu la t ion  proceeds as follows. The WO- 
duct of weights f o r  each PSF is calcu&ted. 

and Ip is the number o$ experts. 

The weight for each PSF i s  
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TABLE A-27 

Individual H I P  Estimates 

Event 

1 2 3 4 5 

.001 ,011 -024 -031 ,013 

,002 ,003 -017 -019 ,021 

.001 .026 .026 -024 .008 

,012 .008 .006 .018 ,005 

.001 -020 -015 .027 ,031 

,003 .007 .022 .032 ,014 



TABLE A-28 

Steps i n  Aggregation of Individual HEP Estimates 

Expert 

-3 
a. HEP. ./1-HEP. (XI0 

13 = j  

Event 

1 2 3 4 5 

Expert  

13.17 1.001 11.12 

21.45 2.004 3.009 

8.065 1.001 26.69 

5.025 12.15 8.065 

31.99 1.001 20.41 

14.20 3 - 0 9  7 -049 

Event 

1 2 3 4 5 

24.59 31.99 

17.29 19.37 

26.69 24.59 

6.036 18.33 

15.23 27.75 

22.49 33.06 

-1.880 

-1.669 

-2.093 

-2.299 

-1.495 

-1.848 

-3.000 -1.954 -1.609 -1.495 

-2.698 -2.522 -1.762 -1.713 

-3.000 -1.574 -1.574 -1.609 

-1.916 -2.093 -2.219 -1.737 

-3.000 -1.690 -1.817 -1.557 

-2.522 -2.152 -1.648 -1.481 
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Expert 

1 

2 

3 

4 

5 

6 

nwi j 

log nwij 

( log nW. .) /6 
13 

W 
&7 J= 
j 

normalized W 
(Nw.) = 

3 
j 

3 
CW 
j 

TABLE A-29 

Calculation of Weights for Mul t ia t t r ibu te  
U t i l i t y  Procedure Using NGT* 

PSFs 
~ ~~ 

Awareness of Quality of 
System S t a t e  Training Feedback Time Procedures 

135 

120 

40 

90 

4 0  

90 

2.09952 
11 x10 

11.32212 

1.8870 

77.09 
194.96 

.395 

45 

80 

50 

30 

40 

180 

3.888 
10 x10 

10.58973 

1.7650 

58.21 

.299 

30 

40 

10 

45 

1 0  

45 

2.43 
8 x10 

8.38561 

1.3976 

24.98 

.12a 

1 5  

10  

15  

60 

1 5  

i n  

2.025 
7 x l  0 

7.30643 

1.2177 

16.51 

.085 

10 

20 

20 

10 

30 

30 

3.6 
7 x10 

7.55630 

1.2594 

18.17 

.093 

j *Each cell e n t r y  (W..) represents  the weight given t o  PSF 
by expert i for t h @ s e t  of events under consideration. 
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.- 

t h e  m t h  roo t  of t h i s  product which can be found by f i r s t  taking the  loga- 
rithm of the product1 dividing by m (the number of experts), i n  this 
case, six; and taking antilogarithms. For subsequent ca lcu la t ions  the 
r e s u l t i n g  weights are normalized to sum to one. This normalization is 
accanplished by dividing each weight, W j ,  by the sum of a l l  weights. 

Then, t h e  evaluation judgments by each expert  for each event on each PSF 
are aggregated by averaging across  experts. 
ments of t h e  six experts f o r  the f i v e  events w i t h  respect to  t r a i n i n g  
are as shown i n  Table A-30, t he  aggregated ewaluations for these events 
on this PSF are those shown a t  the bot tan of Table A-30. 
t a t i o n s  would be parformed f o r  each PS'. 

For example, if the  judg- 

Simflar CUnpU- 

After all aggregations are performed (weights and evaluations f o r  each 
event  on each PSE'), a table such as t h a t  shown previously as Table A-26 
and discussed with accompanying text resul ts .  
a l ready  aggregated across experts rather than those of a s ingle  expert. 
The transformation of these r e s u l t i n g  sca le  values of likelihood is 
aga in  performed as discussed i n  Section A.2.2. 

Now, however, e n t r i e s  are 

A.6.4 Inter judge consistency. The i n t r a c l a s s  co r re l a t ion  coe f f i c i en t  
is used to measure inter judge consistency i n  t h e  mul t i a t t r i bu te  u t i l i t y  
procedure as w e l l  as  in the atrect and indirect numerical procedues. 
ca l cu la t e  this coefficient, HEPS of individual  experts for each event 
must be calculated.  If the NC;T was not wed, these  p robab i l i t i e s  have 
already been derived using t h e  methods described in Section A.6.3. If 
t h e  NGT was used, these  individual  p r o b a b i l i t i e s  must be derived using 
the same method as used when the  Nmis not used. Once the individual  
expert HEPs are derived, t h e  method f o r  calculat ing the i n t r a c l a s s  corre- 
l a t i o n  c o e f f i c i e n t  describd i n  Section A.4.3 can be applied. 

1Ro 

A.6.5 E s t h t i n q  uncertainty bounds. 
t ical  uncertainty bounds can be ca lcu la ted  j u s t  as they are f o r  direct 

When the NGT is not wed, statis- 

numerical es t imat ion as described in Section 4.4. 
judgmental methods f o r  es t imat ing uzlcertainty bounds, described i n  S e c  
tions A.2.5', A.3.4, A.4.4, and A.5.4, can be used. 

Also, any of t he  four 

If the  NGT is used to  calculate s t a t i s t i c a l  uncertainty bound88 sca l e  
values  f o r  the events are ccmputed individual ly  for each expert8 as de- 
scribed in Table A-26 and t h e  accompanying text. This w i l l  provide the 
e n t r i e s  for a table such as Table  A-31, for example, which shows the 
scale value of each event for each expert. For each evemt, i 8  the var- 
i ance  of scale values is calculated by the formula 

2 m m 2  m.gls i .  - (&Si.) 

V(Si) = ' rn (m-1) 
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Expert 

1 

2 

3 

4 

5 

6 

TABLE A-30 

Example of Aggregation of Evaluation 
Judgments on PSFs* 

PSF: Training 

Event 

3 4 5 1 2 

60 80 60 

40 90 50 

40 

so 40 

20 20 

60 30 50 

30 40 70 60 50 

60 70 

60 70 50 

40 40 50 

30 20 

230 

38.3 

190 

31.7 

330 

55.0 

4 30 320 

71.7 53.3 

*Each cell entry represents the weight given to a PSF 
for an event by an expert. 
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Calculation of Uncertainty Bounds for Multiattribute 
U t i l i t y  Procedure When NCT is Used* 

Event 

1 2 3 4 5 

51.5 2:. 7 41.1 57.0 53.4 

71.6 32.6 41.8 65.7 68.4 

41.1 36.4 53.8 

43.7 59.6 65.8 

63.5 42.6 61.6 

48.4 34.2 68.8 

141.4 104.1 48.6 

where m=nu&er of experts 

s.e. = 4.86 

56.4 

52.4 

59.4 

40.7 

71.4 

56.4 

46.9 

56.8 

57.5 

35.6 

4.16 3.45 2.43 2.85 

*Each cell en t ry  (S ) represents  the index of 
l ikel ihood f o r  evehi  i f a r  expejct j. 
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where V ( S i ,  is the variance of the s a t e  value for event i, S i j  is the 
scale  value of event 1 for expert j, and m is the number of experts (s ix  
i n  this example). 
(s.e.1 can be calculated by dividing by m and taking the square root: 

Prolr the  variance the standard error of the estimate 

These standard errors for scale values are then transformed into u n c e r  
ta in ty  bounds on HEPs  as described in Section A.2.5- 

In a d a t i o n  to these stat is t ica l  uncertainty bounds, any of the judgment- 
a l  methods for estimating uncertainty bounds can also  be used. 
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APPENDIX B 

SUGGESTIONS RFGARDING THE NUMBER OP EXPERTS AND THE HANDLING 
OF COMPLETE AGREEMENT I N  THE PAIRED COMPARISON AND 

RANI(ING/RATING PROCmURES 

David A. Seaver and Robert C. Branage 

This appendix is intended to guide users  i n  determining the number of 
experts needed for the paired comparison ox rank/rating procedures. 
necessary part of t h i s  guidance, and r e s u l t s  often needed f o r  implement- 
ing  these  procedures, i s  the development of techniques for handling ca- 
plete agreement . 

A 

Several  practical techniques a r e  sugges ted. 

One of the most d i f f i c u l t  p r a c t i c a l  p roblem i n  the use of the paired 
comparison procedure based on Thurstone's Law of Comparative Judgment 
(LCJ) or the  ranking/rating procedures based on the L a w  of Categorical  
Judgment appears to be that  they requi re  a large number of judgments i n  
order  produce reliable scale values  and thus r e l i ab le  probabi l i ty  
estimates. The ana lys i s  presented i n  this appendix suggests that  this 
problem i s  much less Severe than ant ic ipated.  In f a c t ,  quite stable 
estimates may be produced w i t h  t en  or fewer experts. 
ana lys i s  is based on the paired comparison procedure, but  because of the 
s i m i l a r i t y  of the  model underlying the ranking/ratang procedure, similar 
r e s u l t s  could be obtained for it. 

The following 

One of the key f ac to r s  i n  determining how many judgments are required to  
produce a given l e v e l  of v a r i a b i l i t y  i n  the est imates  is how cells cor- 
responding t o  complete agreement i n  the  data matrix, R, which has as 
e n t r i e s  f.jk# t he  proportions of times event j is judged more l i k e l y  than 
event k, are handled i n  the analys is .  
Torgemon, 1958) suggest  that such cells be treated as blanks and bas- 
i c a l l y  ignored i n  a r r i v i n g  a t  scale values. mis suggestion appears t o  
cause a l o s s  of considerable very diagnos t ic  data.  Thus, t h i s  appendix 
also suggests some possible  a l t e r n a t i v e  w a y s  of handling these cells and 
shows t h a t  use of these a l t e rna t ives  can s i g n i f i c a n t l y  reduce the vari- 
a b i l i t y  of scale values. 

Thurstone and others  (e.g., 

B . l  Number - of Experts 

We assume that  a re levant  population of experts exists tho might be 
asked to judge the  r e l a t i v e  l ikel ihood of various human e r ro r s .  
population, for any pair of events j and k,  a proportion, rjk8 would 
i n d i c a t e  event j is more l i k e l y  than event k(1-r.k = rkj). 
t i c u l i k  assessment of HIPS, a sample of experts horn the population is 
se lec ted  randomly. (This is, of course, no t  exact ly  t rue  i n  practice, 
but  a t  this poin t  w e  have no reason 
l y  used are s i g n i f i c a n t l y  d i f f e r e n t  from the re levant  population.) In 
applying t h e  method, we wish to obta in  estimated s c a l e  values, sh, for 
each event k t h a t  are as close as possible to the  t rue  values sk t h a t  

I n  this 

For any par- 

bel ieve the experts  to be actual-  
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would be obtained if the e n t i r e  populat ion of experts provided judg- 
ments, and w e  want as l i t t l e  variability i n  these estimates as possible. 
Thus, for a given sample of expe r t s r  we want to determine the d i s t r ibu -  
t i o n  of the variable s i ,  t h e  estimated iobsemed) scale value. 

Using the LCJ, for n events 
n 

j =1 
S i  1 n X;k 

where j f k, 

i w i t h  xjlk = F-l(r.jk), he re  r k is the proportion of the sample who 
judged event j to  be more li e ly  than event k, and F is t h e  cumulat 
d i s t r i b u t i o n  function f o r  the normal d i s t r ibu t ion :  

2 
F ( z )  (l/fi) ( e ~ p ( - t ~ / 2 )  )at. 

.vc 

Afisuming independence among expe r t s  (an assumption i m p l i c i t  i n  the W ) r  
r j k  is d i s t r i b u t e d  b inania l ly .  n 
F'l(rik) ana  s ince  sir = L n c F-1(,5k), the  var iance  of &r ~4s;) 
1 E v(F-l(rjk))8 assuming Eiepentienco 2 j=l  
(This assumption is discussed below.) fn practicer s i n c e  F - ~ ( z  i j )  is o r  
t h e r e  are a c t u a l l y  only a-1 variances in the SM. 

m u l t i p l i e r  is a t b f t t a t y r  it makes sense to use 

Thus, we can obta in  the d i s t r i b u t i o n  of 

the distributions of r&* 

Thereforer s nce the 

n e  ' 1  sk IL - s j k r  and 
no' j=l 

for estimates of IS; and i ts  variance.  
va lues  of the mean (u) and vaniance (a2) of estkPated scale values f o r  
va r ious  va lues  of r j k  (population proportion) and m (nunber of j u d e s ) .  
Fran the fact that r.jk is a i s t r i b u t e d  binamiallyr this means that :  

'p = c r l ( r  ik ) P ( x l r j k )  

Tab le  B-1 provides Wpectcd 

rn 

x=o i 

where 
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TABLE 8-1 
Mean a.td Variance Values for Different 

Population Proportions and N-r of Judges 

.166z+.323 

.143z2-. 107z+.198 

.lllz+.396 

.104z2-.093z+.207 

Population Proportion 

.327~+.378 

.221z2-.247z+.167 

.262z+.478 

.193z2-. 250z+.189 

0 .152z + .O 62 

-252 2 + -139 257z2-.019z+.129 0 u2 

0 u2 
0 .104z+.130 
2 -1252 +e228 .144z2-. 027z+.211 

9 1 r  
a2 

.068~+.182 
0 u2 11 .063z2+.261 I . 083z2-.025z+. 239 0 

0 .010~+.264 
2 ,042 +.205 . 010z2-. 005z+. 202 

I 

11 I 

.043z+.219 

il u2 11 .031z2+.262 I .049z2-. 019z+. 244 0 

~~ 

.026~+.243 I .029z2-.013z+. 234 0 

a 

.016~+.257 
0 '2 1) .008z2+.227 I .017z2-.008z+. 219 

0 

.at+. 269 

lo il u2 11 .002z2+.185 1 .006zz-.003z+. 184 0 

~ 

.7 I .e 

.4z .62 
2 .32r 2 422 

.316z+.lO8 .SO42 + .124 

. 27z2-. 062+. 105 . 266zt-.125z+.073 

~ ~~ ~~~ ~ 

.210~+.561 I .166z2-. 236z+. 200 
.082z+.450 
. 076z2-.0742+. 205 

.168~+.627 
.054z2-.0562+.196 I .140z2-.211z+.201 .058z+.406 

.04z+.510 .134z+.681 

.9 

-82 

.18z 2 

.728~+.093 

. 2z2-. 1352+.O41 

.656~++.194 

.226s2-. 2552+.097 

.590z+.292 

.243z2-.344z+.152 

.531t+.384 

.249z2-. 408z+. 202 

.478Z++.471 

.249s2-.451z+.245 

.3872+.624 

.237z2-.483z+.296 

.349~+.691 

.227z2-.482z+.310 

26 .53 .84 1.28 



r j k  = x/m, x=0,1,2,...m 

2nd Fwl(r;k) is the inverse of t h e  cumulative normal dis t r ibu t ion .  

Example: 

It is easiest to  determine 11 and 0 by constructing a table. 
F * ~ ( o )  = -z and ~'l(i) = 2. 

m = 5 8  r j k  =.6 

Note that 

x - 
0 

1 

2 

3 

4 
5 

Then : 

r ik  

0/5 

1/5 

2/5 

3/5 

4/5 

5/5 

( 2 )  -6' .4' = -0102 

( 2 )  .6l .$ = -0768 

( 2 )  .62 .4' = .2304 

(1) .63 .42 = .3456 

(:) .6' .4l - .2592 

(:) .65 .4O = -0778 

Table B-1 provides va lues  for p and O 2  for up to 10 experts. 
exper t s ,  these ca lcu la t ions  become very ted ious  and are really practical 
only w i t h  a computer program. 
~- l ( l ) ,  those  cells &ere a l l  experts agree that one event is more 
l i k e l y  than another. 
cells are handled and the  v a r i a b i l i t y  of estimates of scale values. 
This issue is discussed more f u l l y  below. 

With more 

I n  t h i s  table z is  the value assigned to 

Thus, we see the relationship between how these 

Before continuing further w i t h  the analysis ,  it is useful to address the 
i s s u e  of independence mentioned above. 
t h a t  knowledge of event j's relationship w i t h  events other than event k 

What this assumption states is 
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provides no ex t r a  infqrmation abouf rik. For example, w i t h  four events, 
does knowledge that t 4 1  = -8 and r42 = .I provide a,ry information about 
ri3? 
about rile 
that the independence assumptions holds. 

Approximate confidence in t e rva l s  for s i  can now be derived. Since for 
each k, a l l  r;k are considered to be independent y p l e s  from the same 
d i s t r i b u t i o n ,  the standard error of the estimate Sk is equal to 

It seems that it does not, although it does proyide information 
However, rHl is not part of the sum f o r  54, so it appears 

&(F-l(r;k)/n, where n is the number of events. Because of the independ- 

ence assumption, and the c e n t r a l  l i m i t  theorem (e.g., Breiman, 1968, p. 
1861, the  d i s t r i b u t i o n  of estSmates of % can be assumed to be approxi- 
mately normal. Since ~ ( ~ - l ( r j k ) )  depends on the exact value of f j k  and 
cannot be known a priori, we examine the maximum value this variance can 
take  under various conditions. Using the  cen t r a l  liet theorem, we con- 
clude that a t  least 95 percent of the estimates of % w i l l  be i n  the 

i n t e r v a l  ( s i  - 2 Jmax V(F'l(rjk) )/n, s i  + 2 Jmax V(F-l(r;k) )/n). Obvi -  

ously, the  confidence w i l l  be higher than 95 percent when less than the 
maximum variance is achieved. 

B.2  Handling Complete Agreement 

This ana lys is  has suggested some poin ts  about the choice of a value of 
2. Speci f ica l ly ,  note i n  Table B-1 that for m o s t  reasonable Values Of 
z, the means of the F'l(r!k) are higher than the ac tua l  w l u e  of 
F- l ( r jk) .  Thus, the resu i t ing  estimates of 8;t are biased, p a r t i c u l a r l y  
for s m a l l  m. 
the bias i n  these estimates. Unfortunately, t!ere is no one value of z 
t h a t  w i l l  produce unbiased estimates for a l l  Xjk )  for any given ma Some 
values of z ,  however, are better i n  this respect than others. T a b l e  B-1 
indicates that as m increases  the mul t ip l i e r  of z (rm-(l-rIm) decreases. 
Thus, for example with m u 1 0  and r ka.6, the formula is  0006e + -26% 
which is very insensitive to small changes i n  2. 

might want to minimize the Mas for urge values of r j k  which are sensi- 
t i v e  to the value of 2. 

F'l(1) = 0 0 ,  so the value of r . k  a t  which we minimize bias should be the 
h ighes t  possible non-unity vague i n  Table B-1. For example, with mdo, 
w e  would minimize the bias st rjk=.9. 
r e s u l t s  . 

One approach to the se l ec t ion  of z might be to minimize 

The closer f ' k  is to  
1.0 the more sensitive the estimate becomes t o  Z, suggesting ti a t  we 

We cannot, however, minimize the bias for 

Using t h i s  guide, T a b l e  8-2 
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TABLE B-2 
Values of z Minimizing B i a s  f o r  Maximum f j k  

c 
m 2 3 4 5 6 8 1 0  

lnax r j k  50 -67 .75 -80 .83 -875 -90 
Z 1.29 1.35 1.41 1.48 1.64 1.69 

.5 06 07 00 .9 r jk  

U 2  25 -25 -25 023 15 

0 e50 .SO -50 048 039 

This rule f o r  s e l ec t ing  z produces, f o r  example with m=8, t he  maximtan 
variances shown i n  Table B-3. 

. 
TABLE B-3 

Variances f o r  m=8 Using Values of z to Mlnhlze Bia8 

m 2 3 4 5 6 1  8 

I 

Z - - 1.35 1.43 

10 

1 e 9 6  

A second approach to self lc t ing values for z is to consider the series of 
possible values of F-l(r,k) f o r  a p a r t i c u l a r  m and to use a polynanidl 
expansion to f ind  the  next value i n , t h e  series. Because of symmetry, we 
are concerned only with values of r jk equal tn or abuve .5. 
ple ,  f c r  m t 8  t he  series of possible  values of r j k  is -58 -625, 0758 

The next value i n  t h i s  series can be found by f i r s t  t ak ing  successive 
differences.  

For exam- 

-875, and t h e  Series Of Fol(rik) i s  (apprOXbat&y) 0 ,  .328 0688 1.15. 

0 e32 e68 1.15 

-32 -36 047 

-04 -11 

-07 

Then, t h e  next  value is found by summlng t h e  last values i n  each row, 
i.e., z = 1.15 + -47 + -11 + .07 = 1.80. Other values for z derived by 
t h i s  method are given i n  Table  B-4. 
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05 e6 07 08 'jk 

CI2 025 026 -27 027 

CI 50 51 -52 052 

The maximum variance has  increased fran -25 t o  -27. 
values  obtained using t h i s  method include z - 2.395 for m=20 and z = 
2.85 f o r  m==lOO. 

A n  addi t iona l  p o s s i b i l i t y  f o r  f inding z is to use the formula: 

Examples of other t 

09 

. 21 

046 

Resul t ing e values are: 

i 

- 
8 m 2 3 4 5 6 

1.15 1.28 1.39 1.47 1.59 2 

B.3 Implications 

Table  8-6 shows t he  maximum variances and standard deviationsr across 
populations proportionsr f o r  various numbers of experts using z values 
fran T a b l e  B-4. Frcm t h e  discussion above, t h e  standard error of the 
es t imate  of 8k is a/& where n is the number of events; a d  the 95 per- 
cent confidence l i m i t s  on sk a r e  s i  2 2 a G .  
T a b l e  8-7 for various l e v e l s  of m and n. 

These values are sbwn i n  

10 

1.70 
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TABLE 8-7 

Number of 
Events 

H a x h u m  95 Percent Confidence L i m i t s  on Scale Values for 
‘7arious Number of E x p e r t s  and Events 

Number of Experts 
4 5 6 8 10 

3 

4 

5 

6 

7 

8 

9 

10 

15 

20 

+. 780 

- +e675 

+. 604 

+. 551 

+. 510 

+e477 

+o450 

+e427 

+. 349 

+ e  302 

- 
- 
- 
- 
- 
- 
- 
- 

+e721 

+e 624 

+. 558 

+. 510 

+e472 

+e441 

+e416 

+e395 

+. 322 

+.279 

- 
- 
- 
- 
- 
- 
- 
- 
- 

+e675 

+. 585 

+. 523 

+e478 

- 
- 
- 
- 
+.442 - 
+ 414 

+e390 

+e 370 

+. 302 

+e262 

- 
.L 

- 
- 
- 

+e605 

+. 524 

+e469 

+e 428 

+. 396 

+. 370 

+. 349 

+. 331 

+. 271 

+. 234 

- 
- 
- 
- 
- 
- 
- 
- 
- 
- 

+e 584 

+e 506 

+. 453 

+e413 

+. 382 

+e 358 

+.337 

+. 320 

+. 261 

+. 226 

I 

- - 
- 

L 

- 
- 
- 
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TABLE B-6 

Numbers of Experts 
Maximum Variances and Standard Deviations for V a r h U S  

N u m b e r  of Experts 

a *  
a 

4 5 6 a 10 

456 0390 a342 ,275 0256 

0675 0624 585 524 -506 

These confidence limits on s i  can be comerted to limits on probabil- 
i ties by r e c a l l i n g  t h a t  scale values are transformed into probabi l i t i ea  
by log  pk = ask + .J. 

log pk is a times the standard e r r o r  f o r  si8 so +e confidence Umits 
f o r  log Pk are simply the confidence limits f o r  sk m u l t i p l i e d  by a. 
Thus8 i n  order to  have some a p r i o r i  idea about uncertainty limits for 
HEP estimates, we need estimates of a. 
that a can be estimated as the r a t i o  of the range of l og  p's to the 
range of scale values. 
is 22, which occurs i f  there are two events about h i c h  al l  eperts 
agree; one that  is more l i k e l y  than a l l  other events, and one t h a t  is 
less l i k e l y  than a l l  other events. 
may be between 2.7 and 4.0 f o r  a reasonable number of experts  ( t e n  or 
less). 
may be about 1.58 e.g., s c a l e  values ranging fram -075 t o  + e 7 5 0  

With th i s  transformation, the standard error for 

These can be obtained by noting 

We know that  the maximum range of scale Values 

Table B-4 indicates that th i s  range 

Since these extremes are unlikely a more reasonable lower bound 

The range of l o g  p w i l l ,  of course, depend upon the events being con- 
sidered. 
can vary between 1.0 and 6.0.  
tha t  can be obtained is 6./1.5 = 4.0; and the minimum is 1 4 4 .  = 025. 
The maximum 95 percent uncertainty bounds, ZB for log p f o r  various con- 
fidence limits on scales values (from Table  &?), t h a t  depend on the 
number of experts and events, can then be calculated: 

H e r e ,  t o  provide a w i d e  var ie ty  of p o s s i b i l i t i e s ,  we assume it 
Thus, the maxlm.rrm r a t i o  of ranges, a, 

B - aC, 

where a is the maximum r a t i o  of ranges defined abuve and C is the confi- 
dence limits on sca l e s  values (e.g., from Table B-7). 
because they are on log p# are expressions of the order of magnitude of 
the uncertainty regarding the HEP. 

These boundsr 

This procedure can be used to help determine the Dumber of experts re- 
quired to achieve certain uncertainty bounds. For example, assume t e n  
events  are to be considered. 
t a i n t y  bounds, B, w i l l  be acceptable for  the H E P s .  

The first s t e p  is ta determine what u n c e r  
Suppose t h i s  i 8  
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determined to be +.5 on log HEp -- p l u s  or minus one half order of magni- 
tude w i l l  include-95 percent of t he  estimates. N e x t ,  a rough estimate 
of the  constant  a -- t h e  r a t i o  of the  range of log H E P s  to t h e  range of 
sca l e  values -- must be made. 
vary frau -1 to 00005,  which is a range of approximately 2.25 in 1-a- 
rithms. Furthermore, a conservative estimate of the range of scale 
values  is 1.5 -- suggesting t h a t  the experts w i l l  not bLscriminate among 
the events too w e l l .  Then, the estimate of a is 2.25/1.5 = 1.5. Now, 
using t h e  values of E-5 and a=l.S, B=aC is solved fox C=.333. 

A rough guess m i g h t  be that the Hms w i l l  

N e x t  T a b l e  E-7 is used to f i n d  how many experts  w i l l  be reqUir8d t o  
achieve bounds of 2.333 f o r  the  scale values. 
t e n  events is found, and going across this row, t h e  first bounds below - +.333 ure found. 
Note t h a t  the  same bounds could a l so  be achieved w i t h  15 events and five 
experts .  

I n  making these decisions regarding the  d e r  of expert.$ (and events) 
to use to achieve a c e r t a i n  l e v e l  of uncertainty bounds, it should be 
noted that ,  f o r  t h e  most part, t hese  estimatee are consexvative. The 
variances used here are maximum variances,  which of t en  w i l l  no t  be 
achieved i n  practice, 80 actual bounds may be  somewhat smaller. 

In Table B-7, t h e  row for 

In t h i s  case, t h e  minimum nuniber of experts is eight .  

We note again that although the  ana lys i s  described here is specific to  
t h e  paired camparison procedure, because of the s imi l a r i t y  of the under- 
l y ing  judgmental models, t h e  r e s u l t s  can a l s o  be expected to apply 
approximately to the ranking/rating procedure, implying t h a t  the same 
number of experts  can be used. 
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APPENDIX C 

TEST OF SIGNIFICANCE OF COEFFICIENT OF CONCORDANCE 

Values of the coe f f i c i en t  of concordance, W, tha t  are s i g n i f i c a n t  at the 
-05  l eve l  are given i n  Table  C-1. If the value of W for  t h e  given nupT 
ber of experts and events is above the  corresponding value i n  the table, 
there is basic agreement among the experts. 
were calculated frcm table R i n  Siege1 (1956) 

The values i n  Table  C-1 

c-1 
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Table  C-1 

Values of Coefficient of Concordance for .05 Significance Level 

Numbel lumber of 
:xperts 

3 

4 

5 

6 

8 

9 

10 

12 

14 

15 

16 

18 

20 

,f Even1 
5 

-111 - - 
3 - 
- 
0 

- 
- 

376 

.333 

a300 

-250 

214 

0200 

3.87 

*166 

,149 

~ 

4 - 
- 

m619 

-501 

e421 

318 
- 

256 - 
-171 - 
- 

129 

716 

552 

0 449 

378 

287 
- 

.231 - 
- 

e155 - 
- 

117 

7 - 6 

e660 

512 

417 

-351 

267 - 
215 

- 
-145 
- 
- 

109 

-624 

e484 

395 

0333 

-253 
- 

-204 
0 

0 

0137 
0 

- 
103 
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