
Abstract* 
We character ize and i l lus t ra te evidential 
probability — an in terva l -va lued measure of 
u n c e r t a i n t y that app l i es to sentences. 
Ev ident ia l p robab i l i t y is also taken to be 
relative to a body of knowledge or a database 
representing the data on wh ich judgments of 
uncertainty are to be made. Every statement 
is equivalent to some statement to wh ich 
statistics in the database are relevant. The 
prob lem is to f ind the correct statement; this 
is the problem of f ind ing the correct reference 
class for a statement. A set of rules for de­
te rm in ing the correct reference class is of­
fered. 

1 Kinds of Probabil i ty 
Most scientists feel most comfortable w i th some k ind 
of frequency or empir ical interpretat ion of probabi l ­
i ty [Wi lson, 19521. It is not merely that this way of 
look ing at probabi l i ty seems to have a comfortable 
history in casinos, bu t that i t is what physicists em­
ploy in their theoretical wo rk in quantum mechanics 
as wel l as in statistical mechanics. It is also what is 
natural to have in m ind in deal ing w i t h " random er­
ror" in measurement. Indeed, it is the basic idea that 
is called on when we need to go f rom the " random er­
rors" in a number of ind iv idua l measurements of dif­
ferent quantit ies, to the " inferred error" in a quant i ty 
that is taken as a funct ion of those measured quant i ­
ties. This is a relat ively uncontroversial f ramework 
for " comb in ing" probabil i t ies. 

In designing expert systems, however, what 
we have to w o r k w i t h are often the mere opinions of 
experts. I t is said that " w e have no statist ics." 
(McCarthy and Hayes, 1969) Every event that we 
need to concern ourselves w i t h , after a l l , is "un ique. " 
(That's the nature of events!) A n d there is a wel l de­
veloped in terpretat ion of p robab i l i t y as subjective: 
the v iew developed by L. J. Savage 11954], F. P. 
Ramsey [1931], and Bruno de Finetti [1937]. This ap­
proach to probab i l i t y has been w ide l y adopted in 
business schools, and is accepted by a significant m i ­
nor i ty of statisticians [Raiffa and Schlaifer, 1961]. 

Pr ima facie, the p rob lem w i t h subject ive 
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t is subjective; the found ing fa­
thers just c i ted make crystal clear that that is ex­
actly what they intended: one man's coherent op in ion 
is, formal ly , as good as another's. Ramsey was self-
consciously clear about this: " Ia man's] or iginal expec­
tations may w i t h i n the l im i ts of consistency be any 
he l ikes. . . " (p. 189) 

In contrast to both of these v iews, evidential 
probability bo th appl ies to un ique events, and is 
sol id ly based on statistical evidence. This is not a 
new interpretat ion; it is a phi losophical interpreta­
t ion that has been around for a number of years as 
"epistemological p robab i l i t y . " The basic idea ap­
peared in [Kyburg , 1961]. The fo l low ing sections w i l l 
(a) detai l the d i f f icu l t ies of app l y i ng probabi l i t ies, 
construed as empir ical frequencies, to specific situa­
t ions , (b) i l l u s t r a t e f u r t h e r d i f f i c u l t i e s w i t h 
(s t r ic t ly) subject ive p robab i l i t y , (c) i l lus t ra te the 
appl icat ion of evident ia l p robab i l i t y in s imple con­
texts, and (d) argue that the scope of ev ident ia l 
probabi l i ty is in fact w ide r than one migh t at f irst 
suppose. We w i l l , f ina l ly , (e), describe the relat ion 
between evident ial probabi l i ty and belief funct ions, 
subjective probabi l i ty , and frequency probabi l i ty . 

2 Frequencies Are No Help . 
Consider a circumstance in wh ich we ord inar i ly take 
ourselves to have unbounded and dependable statisti­
cal in format ion: a wel l r un casino. We suppose our­
selves to k n o w , w i t h very l i t t le error, the relat ive 
frequency w i t h wh ich a die yields six: 1/6. In placing 
a bet, however, we are concerned w i t h a much more 
specific si tuat ion than "a ro l l of the d ie . " It is a ro l l 
at casino X. But we don ' t have any statistics about 
casino X — only vaguely about dice in general. It is a 
ro l l by person Y; but we certainly don ' t have any sta­
tistical i n fo rmat ion about his frequency of sevens. 
A n d it is a ro l l made at 12:34 A M , on date D. I f we 
knew the relat ive frequency of sevens in that set of 
rol ls of cardinal i ty one, we 'd be in good shape; bu t 
then we wou ld have no call to use probabi l i ty . 

Of course, what we do is to suppose that the 
general frequency can be appl ied to the specific in ­
stance. In this k ind of case that makes good sense. 
There are on ly two circumstances in wh ich one can 
(ordinar i ly) be w i t h regard to the ro l l made at 12:34 
AM on date D. Either one knows how it came out (six 
or not) or one knows no th ing that w o u l d interfere 
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wi th the use of the long run general frequency. 
There are other si tuations one can consider. 

Thus, the f o l l ow ing day, I and my fe l low croupiers, 
hav ing access bo th to the summary statistics of the 
previous night 's outcomes, and the detailed histories, 
may bet on various rolls. Thus we may bet on whether 
or not the ro l l made at 12:34 AM on date D came out 
six. K n o w i n g that on ly 1/7 of the rol ls at that table 
on date D came out six, we w i l l bet at odds of 1:6 
rather than odds of 1:5. But this is clearly an abnor­
mal s i tuat ion. 

Perhaps, as scientists, we w o u l d prefer to 
deal w i t h something more impor tant and less hypo­
thet ical , such as the d is t r ibu t ion of errors of mea­
surement. But even in such fami l iar contexts ident i fy­
i ng p robab i l i t y and f requency is not qu i te r igh t . 
(Which frequency?) It is one th ing, in a general con­
text, to ident i fy the probabi l i ty that a measurement 
w i l l be in error by three standard deviat ions w i t h 
the long-run frequency of an error of that magnitude. 
It is qui te another to at tempt to ident i fy the proba­
b i l i ty that a specific measurement was in error by 
that amount . That measurement either was or was 
not in error by three standard deviat ions: the fre­
quency is 0 or 1. 

I f we impute to the instance the general fre­
quency, we had better take in to account what we 
know of the magni tude measured, the results of other 
measurements of that magni tude, the results of other 
appl icat ions of the measur ing device, the results of 
ca l ibrat ion, perhaps even the "personal equa t ion" 
(discovered in 18'th century astronomy). If a mea­
surement yields the number 4.60, then, under some cir­
cumstances the probabi l i ty that the magni tude being 
measured lies between 4.5 and 4.7 is 0.95, But suppose 
that measurement is k n o w n to be one of eight mea­
surements, the average of wh ich is 4.50. Then clearly 
we wou ld N O T want to say that the probabi l i ty that 
the magni tude being measured lies between 4.5 and 
9.0 is 95. Something more than k n o w n frequencies 
must be invoked. Inference f rom the performance of 
measurements is non-monotonic. 

The defect of frequencies, considered by them-
selves, for dea l ing w i t h uncer ta in ty is even more 
clearly brought out by the circumstances of a hypo­
thetical insurance company. Insurance companies col­
lect enormous amounts of data. Suppose we want to 
set a fair p r e m i u m for a term l i fe insurance pol icy for 
Mr . Y. Mr . Y is a wh i te American male of age 42, and 
we have stat is t ics on the m o r t a l i t y o f w h i t e 
American males of age 42. 

But we give Mr . Y a questionnaire, and dis­
cover that bo th of his parents, and one of his sisters, 
d ied of heart disease at a very early age. Clearly 
this puts h i m in a special g roup : those who have a 
fami ly h is tory of heart disease; and we have statis­
tics for mor ta l i ty among that group. 

On the other hand, he is a professor, and our 
data regarding professors suggests that they tend to 
suffer less f rom heart disease than most people. 

And so on. The problem is not that, once hav­
ing decided to base our uncertaint ies on statistics, 
there aren't enough statistics, but that there are too 
many. Mr. Y belongs to many classes concerning which 
we can reasonably assume ourselves to have statisti­
cal knowledge, and they al l have d i f fer ing and con­
f l ic t ing inferred relative frequencies of death. 

Ul t imately, of course, M r . Y is unique: the in­
tersection of the classes to wh ich he belongs, about 
wh ich we may even have historical data, and be in a 
posit ion to make statistical inferences, is occupied by 
only one person, Mr. Y, and the incidence of mortal i ty 
over the next year is either 0 or 1. 

The phi losopher Hans Reichenbach explored 
this prob lem long ago [Reichenbach, 19491. H is rec­
ommendat ion was to adopt as a reference class deter­
m i n i n g one's assessment of l i ke l i hood the "nar­
rowest" reference class about wh ich one has "ade­
quate" statistics. But this recommendat ion suffers 
f rom a number of defects. We may have statistical 
in format ion about professors and about people w i th a 
certain k i nd of fami ly h is tory, w i t hou t hav ing any 
statistical i n fo rmat ion about professors who have 
that k i nd of fami l y h istory. A n d there are clearly 
other considerations than "narrowness" that can be 
ra ised. 

3 A Judgment Call? 
In the f inal analysis, it is perhaps just a judgement 
cal l , we ' l l be to ld . (See, for example, Cheeseman, 
[1989].) W h y should this be unsatisfactory? Because 
i t leaves us w i t h no way of adjudicat ing conf l ic t ing 
judgments. Maybe there is no way of settl ing such dif­
ferences, perhaps it is as Ramsey suggested long ago. 
But if an agent's or iginal expectations may be any he 
likes, so, even if he updates his beliefs by condi t ion-
al izat ion, may his f inal expectations be anyth ing at 
a l l . 

Of course, people do tend to agree. They tend 
to agree about the l ike l ihood of a seven on the rol l of 
a die made at 12:34 AM on date D. Is this agreement 
just a reflection of good w i l l and social skills? Or is it 
a result of in t imidat ion? Or of a fa i lure to reflect? 
The trouble w i t h conventions is not that they are all 
w rong , but there is no basis for evaluat ing them, for 
we igh ing one against another. 

A h , but how about success rate? The winners 
must have been r ight ! No t so; perhaps the winners 
were merely lucky. We do not automatical ly say of a 
man who bets on the long shot for no reason, and wins, 
that he was " r igh t . " The prob lem of evaluat ing un ­
certainty reemerges: we need to be able to assess the 
l i ke l ihood of the p ropos i t ion that his success was 
reasonably to have been expected, so that we know 
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whether to emulate h i m in the future. 
A n d then there are the related problems of 

consistency and updat ing. According to the standard 
subject ivist v iew, we are to consul t our op in ions 
(judgments) and then, as evidence comes in , mod i f y 
them by condit ional izat ion. But our ini t ia l judgments 
are not l i ke l y to sat isfy the constra ints of the 
probabi l i ty calculus: we w i l l have to adjust them to 
make them come out r ight. This adjustment does not 
take place by cond i t iona l i za t ion . We f i nd some 
judgments "about wh ich we feel sure/ ' to use a phrase 
of Savage's (1954), and adjust the others to match. 

But suppose we begin w i t h a set of judgments 
we th ink coherent, get some evidence, condit ional ize, 
and arr ive at a set of judgments we no longer f ind 
plausible. No prob lem. We need merely go back and 
(as before, on the same basis) al ter our o r ig ina l 
judgments unt i l everything comes out r ight. 

Is th is a parody? Perhaps. But it is also, 
f r om the subjective point of v iew, a rat ional ly per-
missible scenario. We look to probabi l i ty to guide our 
degrees of belief, our assessments of uncertainty; and 
what happens is that we end up using our in tu i t ive 
assessments of l ike l ihood and p lausib i l i ty to control 
our imputat ions of probabi l i ty . 

4 Evident ial Probabi l i ty. 
I t is precisely this tension between what we know of 
statistics — a fair amount , by any non-skeptical stan­
dard — and the need to adjudicate among k n o w n 
statistics in order to achieve an assessment of the 
part icular case that confronts us that constitutes our 
problem. 

As we have seen, the prob lem w i t h mak ing 
frequencies do the wo rk is that there are general ly 
too many. The problem is not a lack of frequency i n ­
fo rmat ion , bu t rather a surfei t of in fo rmat ion (not 
merely a surfeit of observed data, but a surfeit of the 
in format ion we can infer f rom it!). This becomes even 
more apparent when we note that every probabil ist ic 
measure of uncerta inty has the property that i f two 
statements, S and T, are k n o w n even to have the same 
t ru th va lue (and a f o r t i o r i i f they are log ica l ly 
equivalent), they must be assigned the same proba­
b i l i t y . 

Thus the probabi l i ty of heads on the next toss 
of this coin, i f i t is to be based on everything we know 
about this coin, must reflect the knowledge we have 
about coins in general, about physical systems of a 
certain character, about 1968 coins, about 1968 quar-

ters, about 1968 quarters be ing tossed in 1990, etc. 
That is: we k n o w that the next toss of a (spatio-tem-
pora l ly ident i f ied) 1968 quarter lands heads i f and 
on ly if the next toss of a (spat io- temporal ly ident i ­
f ied) coin lands heads if and on ly if the next toss of 
this coin I ho ld now in my hand lands heads. I have 
l i t t le direct statistical know ledge about this co in , 
but I have a lot of knowledge about coins in general 
(both fo lk knowledge and the results of experiments) 
and (on a theoretical basis) about physical systems in 
wh ich a smal l per turbat ion can lead to a qual i tat ive 
dif ference. 

I t fo l lows f r o m this pr inc ip le of equivalence 
(sentences k n o w n to have the same t ru th value should 
have the same probabi l i ty) combined w i t h the p r i n ­
ciple of total evidence (we should take account of all 
the evidence we have), that i f we k n o w (of a certain 
object) that it belongs to a collection C of classes, the 
probabi l i ty that it has a certain proper ty should re­
flect what we know about the incidence of that p rop-
erty in those classes. 

5 Extended Example. 
Here is a table that might have resulted f rom a sur­
vey of beef cattle repor t ing whether they develop 
founder given (a) w o r m i n g medicine, (b) implant , (c) 
louse powder , (d) soybean supplement , or (e) corn 
supplement, or any combinat ion of these. The table 
does not g ive in format ion regarding the effect of the 
lack of these features: thus abcd represents both those 
fa l l ing in class abcd who are g iven corn supplement, 
and those fal l ing in that class who are not g iven corn 
supplement. 

The last two columns give .90 confidence level 
intervals for founder, based on the evidence given in 
the table, us ing standard forms of statistical infer­
ence. 

n founder fl fu 

u 10000 2622 0.2493 0.2751 
a 7600 1917 0.2374 0.267 
b 6400 1632 0.2389 0.2711 
c 4800 1225 0.2366 0.2738 
d 3750 967 0.2368 0.2789 
e 5400 1292 0.2217 0.2568 
ab 5250 1267 0.2235 0.2591 
ac 3500 855 0.2225 0.2661 
ad 2500 602 0.215 0.2666 
ae 4150 942 0.207 0.247 
bc 2250 560 0.2217 0.2761 
bd 2300 577 0.224 0.2778 
be 3050 702 0.2068 0.2535 
cd 900 250 0.2348 0.3208 
ce 3200 710 0.1991 0.2447 
de 1200 322 0.2311 0.3056 
abc 1650 390 0.2046 0.2681 
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abd 2100 502 02109 0.2672 
abe 2900 642 0.1974 0.2453 
acd 400 100 0.1855 0.3145 
ace 2500 490 0.1702 0.2218 
ade 200 52 0.1688 0.3512 
bcd 0 0 0 0 
bce 1600 340 0.1803 0.2448 
bde 0 0 0 0 
cde 500 150 02423 0.3577 
abcd 0 0 0 0 
abce 1500 290 0.16 0.2266 
bcde 0 0 0 0 
aede 0 0 0 0 
abde 200 52 0.1688 0.3512 
abcde 0 0 0 0 

6 C o m b i n i n g E v i d e n c e . 
Suppose cow c1 got treatments b, c, d, e.. We have no 
data about such cows. But she also got al l but one of 
the four treatments — i.e., bed, bce, etc. In particular, 
she is cde and also bee. But these two possible refer­
ence classes disagree in the sense that neither s imply 
overlaps the other. Put otherwise, they disagree in 
the sense that there is a frequency or chance that is 
compat ib le w i t h one and not compat ib le w i t h the 
other. The frequency in cde is in [.2423,3577], and the 
frequency in bee is in [.1803,-2448]. No th ing seems to 
indicate any w a y of reconci l ing or combin ing these 
two possible reference classes — in part icular, we 
have no data on their intersection. Should we give up 
and say that the in te rva l [0,1] characterizes the 
uncertainty to be attached to this cow? 

There are two natural alternatives. One cor­
responds to the Dempster/Shafer updat ing procedure 
[Shafer, 1976]. This is to look at the set of pairs 

such that x belongs to cde and y belongs to bce. 
N o w the cow in question corresponds also to a pair of 
the fo rm We don ' t know the frequency of success 
in the diagonal , but we do know one th ing about the 
pair that it either belongs to the set of pairs 
both of wh ich founder, or to the set of pairs both of 
which do not founder. This leads us to a subset of the 
set of pairs in general — namely those that agree 
w i t h respect to success. A n d we can calculate bounds 
on the relat ive frequency of success in this subset: 
they are g i ven exact ly in accordance w i t h the 
Dempster /Shafer fo rmu la for comb in ing evidence: 

This construction for combin­
ing evidence has been suggested by Ron Loui [1986]. 

But faced w i t h this concrete example, i t does 
not seem so plausible.1 Suppose that we know that a 

1 Whi le we don' t know the relevant frequency among 
instances of the fo rm in general we al low 
ourselves to use frequencies known to apply to broader 

is in R 1 and also in R 2 , and that ' and 

These intervals confl ict. But con­
sider as a member of It must belong to 
that part of that is included in the un ion of T 
x T and . It belongs to just in case a be­
longs to T; and the frequency of this k i nd of occurrence 
is in by the preceding formula.2 In the par­
t i cu la r case at h a n d , the resu l t i ng i n te rva l is 
[.0844,.1520]. But this seems counter intui t ive, since it 
is less than the frequency in either of the two classes 
whose informat ion we have combined. 

An al ternat ive approach w o u l d be to argue 
thus: We f ind ourselves in a confl ict situation because 
we have evidence that suppor ts two intervals that 
disagree. But the same evidence supports, even more 
strongly, t w o in te rva ls that do not d isagree. 
Namely : the intervals bounded by the lower of the 
two lower bounds, and the higher of the t w o upper 
bounds. 

The propor t ion of foundered cows in the class 
bce is known to be between .1803 and .2466, and there-
fore obviously between .1800 and .3577 A n d the pro­
port ion of foundered cows in the class cde is known to 
be between .2423 and .3577, and therefore also be­
tween .1803 and .3577. These l imi ts seem in tu i t ive ly 
to be reasonable l imi ts for c1 — the probabi l i ty that 
she w i l l founder is [.1803,3577]. This is a broad 
l imi t ; one that in the face of conf l ict ing evidence does 
not seem unreasonable. 

H o w about the other classes that c1 is known 
to belong to: bc, bd, etc.? Each of them confl icts w i t h 
one or another of the more specific classes; but such a 
conflict is most reasonably resolved by ignor ing the 
less specific class. 
7 P r e c i s i o n 
Contrast cow C2- She is k n o w n to be an abe; therefore 
she is also k n o w n to be an a a b an e, an ab, a be, and 
an ae. These items of statistical knowledge y ie ld : 
abc .2046 .2681 
ab .2235 .2591 
ac .2225 .2661 

classes as the basis for the probabi l i ty applicable to 
an instance in a narrower class, else we wou ld be stuck 
w i t h the [0,1] characteristic of a un i t class. 
2 It might be thought that the process could be 
iterated, and that i t wou ld lead to intervals that 
migrate toward the extremes of 1 and 0. This is not so, 
since the "higher d imensional i ty" constraint in the 
ful l system prevents the components f rom 
"disagreeing" w i t h the cross product subset [Kyburg , 
1974,1983,1990]. Nevertheless, as Bulent Mur tzaog lu 
[1990] has pointed out, the results are counter intui t ive 
even w i thou t i terat ion. 
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bc .2217 .2761 
a .2374 .2670 
b .2389 .2711 
c .2366 .2738 
u .2493 .2751 

a 
b 

.2374 

.2389 

.2368 

.2670 

.2711 

.2789 

as the intervals in wh ich the frequency of founder 
might l ie. A l though abc is the "smallest" class in 
which C2 is known to be, our knowledge about that 
class does not conflict w i t h knowledge about any of 
the superclasses in wh ich it is k n o w n to be inc luded; 
it is merely less precise. If we look at the 
superclasses, the one about wh ich we have the most 
in format ion is ab; this does not confl ict w i t h any of 
the others, and thus we use ab as the reference class 
and take the probabi l i ty to be 1.2235,.2591]. 3 

Consider c3 who is k n o w n to belong to ade, in 
wh ich the relat ive frequency is in [.1688,3512]. The 
corresponding table is: 
ade .1688 .3512 
ad .2150 .2666 
ae .2070 .2470 
de .2311 .3056 
a .2374 .2670 
d .2368 .2789 
e .2217 .2568 
u .2493 .2751 
Here, a l though ad contains more precise in format ion, 
and does not confl ict w i t h ade, i t does confl ict w i t h 
ae and de, w h o have an equal r i gh t to be heard. 
Since the subsets ad, ae, and de also confl ict w i t h 
each other, and none of them conf l ic ts w i t h our 
k n o w l e d g e about ade, nei ther does their cover 
confl ict w i t h our knowledge about ade. A l l three of 
these classes are k n o w n to exhibi t a frequency of 
founder in the in terva l [.2070,3056]. This is more 
precise knowledge, and should be used to determine 
the p robab i l i t y . 

Final ly, suppose C4 is k n o w n to belong to abd 
The table is: 
abd .2109 .2672 
ab .2235 .2591 
ad .2150 .2666 
bd .2240 .2778 

3 If there was confl ict between ab and another 
superclass two cases could arise. First, there is 
confl ict also w i t h the or ig inal subclass. Then that 
subclass w o u l d prevai l . Second, neither of the 
superclasses conflicts w i t h the subclass. Then the 
conflict between the superclasses can be resolved by a 
cover, and since the cover w i l l not confl ict w i t h the 
subclass either, it can plausibly be taken to determine 
the probab i l i t y . 

u .2493 .2751 
Here, a l though again more is k n o w n about ab than 
about abd, and there is no conf l ict , the superset bd 
confl icts w i t h the more specific set (and therefore 
also w i t h ab), and so we take the probab i l i t y to be 
determined by our knowledge about abd: [.2109,-2672]. 

The pr inc ip le we have been fo l l ow ing so far 
is to reject a candidate reference class whenever the 
relevant f requency in i t , or in any other candidate 
reference class of equal specif icity, d i f fers f r om that 
in the most specific candidate reference class, where 
"d i f fe rs" means that neither in terval is inc luded in 
the other. The result w i l l be a set of intervals, none 
of wh ich di f fer f r om that of the most specific class. 
We use the most in format ive interval for ou r proba­
b i l i t y . 4 

Note that we are tak ing the probabi l i ty to be 
the interval , not that i t is " inc luded i n " the interval . 
There may be no ident i f iab le class that contains a 
more precisely specified p ropor t ion than the one we 
are wo rk i ng w i t h . 
8 C o l l e c t i o n s o f H e r d s : B a y e s i a n I n f e r e n c e . 
Suppose that we have obtained data on the relat ion 
between the f ive factors we are cons ider ing and 
founder, not merely f rom one herd, but f rom several. 
The fo l l ow ing table gives relevant data concerning 
four herds. The herds qu i te c lear ly d i f fe r in the 
effect of the various factors. This might be due to ge­
netic differences among the breeding lines that dom i -
nate the various herds, or i t might be due to envi ron­
mental factors. The upper and lower frequencies, as 
before, reflect conservative confidence l imi ts at the 
0.90 confidence level. 

herd 1 herd 2 
10000 6000 
fl fu fl fa 

u 0.249 0.275 0.408 0.442 
b 0.239 0.271 0.434 0.478 
c 0.237 0.274 0.427 0.47 
ab 0.224 0.259 0.453 0.503 
bc 0.222 0.276 0.479 0.535 

herd 3 herd 4 all 
3000 20000 39000 
fl fu fl fu fl fu 

u 031 035 0.304 032 0312 0.33 
b 0.32 0.38 0.262 029 0.294 031 
c 029 035 0.286 031 0.306 032 

4 The "most in format ive" interval may be an interval 
cover, as we have seen. 
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ab 0.38 0.46 0202 024 0.278 0.3 
be 0.3 038 0.221 026 0.29 0.31 

What is the chance of cow c$ , who belongs to 
one of these herds and has received treatments b and c 
coming d o w n w i t h founder? You may ask, "Wh ich 
herd does she belong to?" but we are assuming that we 
don ' t know: al l we know is that she belongs to one of 
these four herds. L ike the preceding case, in wh ich 
we d i d not know wh ich treatments a cow d i d not get, 
we are here dea l i ng w i t h a s i tua t ion of l im i ted 
knowledge. 

The candidate classes are u, b, c, and bc: 
b .2935 .3105 
c .3061 .3239 
bc .2900 .3144 
u .3122 .3253 

The in tu i t i ve ly most plausible reference class is bc, 
even though our knowledge about be is much less pre­
cise than our knowledge about b and about c. 

N o w let us suppose that cow c6 is selected 
f rom these herds by an agr icu l tura l agent w h o first 
chooses a herd at random to sample f rom, and then 
chooses a cow f rom the herd he has chosen. 

We have a new variable to take account of: 
herd number. The herd is chosen at random, which is 
to say that in the long r u n , each herd w i l l be selected 
w i t h equal frequency — i.e., 1/4. We know how to 
calculate the p robab i l i t y : i t is the average of the 
frequencies in the herds. The probabi l i ty that c6 suf-
fers f rom founder is [3057,-3608]. 

What is the reference class that gives rise to 
this interval? It is perfect ly s t ra ight - forward: i t is 
the set of pairs <x,y> such that x is a herd, and y is a 
cow f rom that herd; the target set, of course, is the set 
of such pairs of wh i ch the second member founders. 
Let us call the reference set just described B, and the 
target set S. 

Wh i l e it is easy to agree to that probabi l i ty 
interval , it is less easy to see w h y the former answer 
is w rong . The cow c6 is, n o w as before, a member of 
the total col lect ion of cows about wh ich we have 
data. What prevents that f r om being a correct refer­
ence class, as it was in the previous case? 

The p r inc ip le requi red — f rom wh ich the 
specif ic i ty p r inc ip le fo l lows as a special case — is 
what we shall call the Bayesian Principle. Suppose 
you have a reference set of the fo rm described, and 
that i t leads to an interval that confl icts w i t h an i n ­
terval obtained f rom some other reference set for the 
same proposi t ion, for example, the reference set con­
sisting of al l the cows in al l four herds. We can get 
f rom this reference set to the correct one as fol lows: 
Note that the correct reference set makes use of a set 
of predicates ( fo rm ing a par t i t ion) that does not ap­
pear in the first reference set. Form the cross product 

of the par t i t ion and the or ig inal set. (This is the set 
of all pairs consisting of a herd and a cow f rom the 
collection of four herds.) Then note that the i n tu ­
i t ively obvious reference set is a subset of that set of 
pairs — the subset in wh ich the cow (second member 
of the pair) is a member of the herd (the first member 
of the pair) . 

This pr inc ip le impl ies the specificity pr inc i ­
ple because if we use a vacuous part i t ion, we w i l l ob­
tain the simple subset rule. 

In general, when a Bayesian pr incip le is ap­
propriate, it is because it is appropriate for the refer­
ence set to be construed as resul t ing f rom a two (or 
mul t i ) stage process. What can defend the probabi l ­
i ty that results f rom that process is precisely the con­
struction just described. 

9 Sizes of Samples: Statistical Inference 
Suppose we want to know how many cows in the class 
ab w i l l founder in the long run . We have a lot of ev­
idence. In part icular, we have the evidence obtained 
f rom herd 1: of 5250 cows known to belong to ab, 1267 
came d o w n w i t h founder. It fo l lows, at a confidence 
level of .90, that between .2235 and .2591 of cows be­
longing to ab w i l l founder. 

We also have the evidence obtained f rom al l 
four herds: of 14,800 animals hav ing those treat­
ments, 4272 foundered, y ie ld ing an observed frequency 
of .2886, and a 90% conf idence i n te r va l of 
1.2780,29931 

The first inference gives us a perfectly proper 
inference for inferr ing the propor t ion of cows fal l ing 
in the class ab w h o founder. If that was the only 
herd we had investigated, we w o u l d indeed be ent i­
tled to take that as a general conclusion about cows in 
general. In the presence of the broader sample, of 
course, it is no longer appropriate. Why not? 

Because it does not take into account al l the 
evidence we have about cows and foundering. If what 
we are interested in is the propor t ion of cows in gen­
eral that founder among those who fal l into the class 
in question, then we should take into account al l we 
know of cows fa l l ing into that class. 

But that may not be what we are interested 
in. Though we have more in format ion about cows in 
general than we have about cows f r o m part icu lar 
herds, i t may be that we always k n o w what herd a 
cow comes f rom. If that's the case, it w i l l be readi ly 
seen f rom what we have said before that what is of 
interest to us w i l l be the p ropo r t i on of cows that 
founder w i t h i n the smaller class: ab and in herd 1; ab 
and in herd 2, etc. Thus the f irst inference may be 
perfectly al l r ight , so long as the class about wh ich 
we are mak ing the inference is ab and herd 1 rather 
than ab in general. 

In short, what we need to have just i f ied are 
all the inferences we can legi t imately make. Wh ich 
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ones we should make may be a funct ion of our part icu­
lar s i tuat ion. 

1 0 C o n c l u s i o n s * 
I f we ident i fy probabi l i ty w i t h empir ica l frequency, 
the probabi l i t ies of specific eventual i t ies are either 
u n k n o w n (or are 0 or 1) since those are the on ly fre­
quencies that can occur in a single instance. The fre­
quency approach can be construed less l i teral ly , but 
then we must devise a way of combin ing al l the ev i ­
dence we have bear ing on a specif ic eventua l i ty . 
Frequency approaches to probabi l i ty p rov ide no ma­
chinery for combining evidence, or for choosing among 
reference classes. 

I f we ident i fy probabi l i ty w i t h mere subjec­
t ive op in ion the connect ion w i t h empi r ica l data is 
equal ly unanalyzed. Condi t iona l iza t ion is a consis­
tent way of updat ing opin ions, bu t since our opinions 
are uncertain to start w i t h , the results of condi t ional­
ization can be taken to cast doubt on what we took to 
be our in i t ia l opinions. 

The ev ident ia l approach to p robab i l i t y at­
tempts to formal ize the ev ident ia l relat ion between 
general knowledge of frequencies and specific i n d i ­
v idua l events. To do this requires f i rst that the de­
script ion of the i nd i v i dua l event be related to a class 
about wh ich we have statistical knowledge. In gen­
eral there w i l l be more than one way of do ing this. 

Second, we need some way of ad judicat ing 
conflicts, if any, among the statistics corresponding to 
the var ious ways of re la t ing the event in quest ion, 
under any acceptable descr ipt ion, to various possible 
reference classes. We considered three k inds of con­
f l ict: theser are discussed in more detai l in [Kyburg , 
1983] and in [ K y b u r g , 1974]. 

T h i r d , there are t w o k inds o f con f l i c t ing 
statistics: Since in general our statistical knowledge 
related to an i nd i v i dua l event w i l l be in the fo rm of 
intervals, we w i l l encounter cases in wh ich one inter­
val is inc luded in another. I f there is no other con­
f l ict , i t makes sense to use the t ightest in terva l we 
can just i fy. But it is also possible that the two inter­
vals w i l l be d is jo in t , or over lap w i t h o u t inc lus ion. 
This is the d i f f i cu l t case. 

Ev ident ia l p robab i l i t y p rov ides mach inery 
for dea l ing w i t h the i n d i v i d u a l instance that con­
cerns us, emp loy ing a l l the statistical evidence we 
have bear ing on that instance. I t thus serves where 
subjective v iews wou ld use mere op in ion. It also takes 
every p robab i l i t y to be based on general statistical 
k n o w l e d g e , thus sa t is fy ing one o f the i n t u i t i v e 
desiderata for wh ich the frequency theories were de­
signed. A n d in the w o r l d o f expert knowledge, we 
may often (always?) assume that the opin ions of the 
expert are, or should have been, or could have been, 
based ul t imately on knowledge of frequencies. 
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