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Abstract.
explanation (IBE) there are various ways to characterizatvig
meant by the best explanation. This paper considers a nuafber
such characterizations including several based on cortfomenea-
sures and several based on coherence measures. The gdaidsao
measure which adequately captures what is meant by ‘besthet
also yields the true explanation with a high degree of priitab
Computer simulations are used to show that the overlap eaber
measure achieves this goal, enabling the true explanatiba tden-
tified almost as often as an approach which simply selectsthet
probable explanation.

1 INTRODUCTION

In many scenarios human reasoning seems to involve praglacin
equate explanations of the phenomena under consideratiorany
artificial intelligence applications, however, reasonamgl inference
can be carried out without any explicit account of explaomatiThis
naturally raises the question as to how explanations camtb&céed
from such applications. This is crucial if users are to tthstrelia-
bility of the inferences made. In probabilistic systems,drample,
users often find it difficult to make sense of the reasoninggss un-
less suitable explanations are available. Unfortunatedyatutomatic
generation of explanations requires an adequate accoexptina-
tion to be given and this is a notoriously difficult problem.

In addition to extracting explanations for the benefit of tiser,
explanations can play a more fundamental role in reasoryisigiss.
The system could be designed to generate a range of explasats
part of the reasoning process and then go on to select thebest
This form of reasoning is known as abduction or inferenclédatest
explanation (IBE) and has attracted a great deal of intergise both
artificial intelligence (see [13] and [7] for example) andlpsophy
(see [14] for example). As well as giving an account of exatem,
and thus enabling the system to determine whether a propogpdat
nation should be accepted as a possibility, IBE requiresesmech-
anism for comparing competing explanations. Clearly it lddoe
useful to have a measure for the quality of an explanatiorttamito
provide an ordering of competing explanations.

A major difficulty for IBE is that there is no generally agreed
account of explanation. Considerable effort has been equeiby
philosophers trying to overcome difficulties with the detiles
nomological and inductive-statistical accounts of exptam as pro-
posed by Hempel [12]. Salmon, for example, gave an accoust-of
planation in terms of statistical relevance (see his adcwufl9]).
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In the form of inference known as inference to the bestHowever, Salmon along with other philosophers came tozedtiat

statistical relationships alone could not adequately aetfor expla-
nation: an adequate account would require causality tokestato
account [20]. Statistical relationships may well be impatt but this
is because they provide evidence for underlying causaioakhips.

One of the difficulties with a causal approach is that the ephc
of causality is just as problematic as explanation. Needess, there
has been considerable attention given to causality recéoth in
philosophy of science and in artificial intelligence. Inti@arlar, work
on causality within the context of causal models has givea to
accounts of causality which are both practical and philbgly
defensible as discussed in [18, 10]. This has opened up Hsijility
that explanation can be described in terms of such accol}s [

In light of these points it is helpful to distinguish two cooments
that are required for a full account of explanation:

a) an account of what constitutes an explanation, and
b) a suitable methodology for comparing competing expianat

This paper builds on earlier work which drew on recent work on
probabilistic accounts of coherence in order to meet requént (b)
by providing a measure to rank explanations [9]. In recertrye
number of probabilistic accounts of coherence have beegpopsal
and implications for the coherence theory of justificatioresstigated
([3, 16, 17, 2, 1]). Since there has been general agreenmaridher-
ence on its own does not result in a high likelihood of trutie, focus
has been on the question of whether coherence is truth civeds@
that more coherence gives rise to a higher probability ¢dht@lsson
[17] presents an impossibility theorem to the effect thatehis no
truth conducive coherence measure. Bovens and Hartmaraisd]
present an impossibility result, but argue that its impactoheren-
tism can be circumvented by adopting a partial ordering fafrina-
tion sets on the basis of coherence, i.e. in some cases ocarsbe
identified as more coherent than another while in other qassesich
comparison is possible.

In [9] coherence was considered as a relation between arthyypo
esis and the evidence for it. The motivation was to find a nreasu
coherence which matches our intuitive understanding ottimeept
and to investigate how such a conception might relate tcagngpion.

A connection between the notions of explanation and colcereias
established by noting that a condition for a satisfactorgoaat of
the relation .. better explanation than..” turned out to be es-
sentially the same as a plausible condition for the reldtionmore
coherent than .”. After identifying a suitable measure of coherence,
several scenarios were presented to illustrate some adyemof this
approach over other accounts of ‘best explanation’.

This paper expands on this earlier research in two wayst, kirs
addition to the measures previously used to quantify ‘begta@a-



tion” several other coherence and confirmation measuresoaisd-
ered as possible alternatives. It should be noted that hof tiese
measures were proposed as measures for ranking expladtian
they do appear to be plausible candidates neverthelesen&ea
computational approach is adopted so that instead of congparea-
sures on particular scenarios with specifically selectetyatvilities,

they can be compared over numerous scenarios where thebpgroba

ities are selected randomly. This gives a picture as to holvthe
different measures function on average in terms of ideintfythe
actual explanation that is responsible for the evidence.

The structure of the paper is as follows. Section 2 presentsra
ber of possible ways to compare competing explanationsse bp-
proaches are then tested using computer simulations ifosegt
Section 4 discusses the relevance of this work for the féigibf
IBE as a mode of inference and section 5 presents conclusions

2 WHAT IS THE BEST EXPLANATION?

In attempting to provide a methodology for comparing corimgget
explanations it is worth noting Hempel’s distinction beemegpoten-
tial and actual explanations [12]. An actual explanatiooris which,
as a matter of fact, explains the explanandum in questiorotarp
tial explanation is one which, if true, would be an actuallarption.
This section considers different approaches for compayotgntial
explanations. In this context the goal of IBE can be undedstas
selecting the actual explanation from the potential exatians. Dif-
ferent forms of IBE arise from which of the approaches is used
select the best explanation from the potential explanation

It is also worth noting another distinction that has been leamp
sized by Lipton [14] who distinguished between the lovél®gla-
nation and likeliest explanation. To quote Lipton, “We warhodel
of inductive inference to describe what principles we usgitige
one inference more likely than another, so to say that we ithie
likeliest explanation is not helpful ([14], p. 60). It seethat the goal
for defenders of IBE is to give an account of ‘best explanstio
terms of loveliness and show that a feature of such an exjptena
will be its likeliness, i.e. high posterior probability.

2.1 Approaches based directly on Bayes’ theorem

If the goal of IBE is to provide an account of ‘best explanatithat
will typically have a high posterior probability, then Bay¢heorem
provides an obvious starting point. Suppose that there &sgpothe-
sesH; wherei = 1,...
hypothesis given evidendg is given by,

Pr(E|H;)

Pr(Hi|E) = —p

X PT(HZ)v (1)

where all the probabilities are assumed to be conditionedpgmo-

priate background evidendewhich has been suppressed in the no-

tation.

As pointed out in [9], the most probable explanation (MPE) ap

proach simply takes the best explanation to be the one wéthith-
est posterior probability. This means that hypothésids better than
H, if and only if

Pr(H1|E) > Pr(H:|E). )
Of course, adopting this approach guarantees that the Yglsina-

tion will be the one that is most probable given the eviderce,
it makes IBE trivial since this success has been achieveplgiby

,n, then the posterior probability of each

defining ‘best’ as ‘most probable given the evidence’. Intbips ter-
minology the ‘loveliest’ explanation has simply been defies the
‘likeliest’ explanation.

A second approach discussed in [9] is the maximum likelihood
(ML) approach. Taking the first term on the RHS of equation (1)
hypothesisH is defined to be better thaf- if and only if

Pr(E|H1) > Pr(E|H>2). 3
This has certainly some merit to it since good explanatidtenalo
make the occurrence of the relevant evidence highly prebébfact,
ideally an hypothesis will deductively entail that the eande will oc-
cur. The problem, however, is that there is no good reasotinifiok-
ing that an hypothesis with a high likelihood will also havéigh
posterior probability unless it also has a high prior pralitgbThus,
despite its merits, we might expect that in many cases IBHeun
stood as inference to the hypothesis with the maximum fhikeld,
will not be a good approach for finding true (or highly protegtty-
potheses.

A middle way is provided in [4] who define hypothedi§ as bet-
ter thanH- if and only if

Pr(E|Hy) > Pr(E|H2) and Pr(H:) > Pr(H2). (4)

This approach is referred to in [9] as a conservative Bapedld)
approach. A problem with CB is also pointed out in [9] sinceréh

are many cases in which the ML and MPE approaches agree as to
which of two hypothese#l; andH-, is best and yet CB fails to order
them. For example, the ML and MPE approaches will agree in all
cases where the priors of the competing explanations ata aeqd

in many cases where the explanation with the greater liketirhas

a lower prior, yet in such cases CB does not provide an orglerin

Before going on to look at other approaches, is is worth pausi
to ask whether there is a preferred Bayesian account of égxa-
nation’. According to Bayesianism, the rational agent upslener
degrees of belief according to conditionalization. Fomegke, if she
has a prior probability for an hypothesi$; of Pr(H;), then con-
ditionalization requires that after taking evidengento account her
probability should be updated via Bayes’ theorem as defimediia-
tion (1) so that her posterior probability féf; is Pr(H;|E). If she
is required to infer one hypothesis, then it seems that tiosilsl be
the one that is most probable. If so, it might seem that the MPE
proach as expressed in (2) is the preferred Bayesian acoblogst
explanation’, but this is not necessarily the case. Theorefs this
is that the Bayesian might wish to maintain that she is istectin
the most probable hypothesis but that this need not be the/bich
is the best explanation; it is probability that is importamit expla-
nation. Furthermore, there is no requirement for the Bayess infer
one of the hypotheses and so even if the MPE approach is ablopte
this still does not mean that Bayesianism is a form of IBE.

Indeed, van Fraassen [22] has gone further and argued that
Bayesianism and IBE are conflicting approaches. Others 145,
have responded by arguing that IBE need not involve any depar
ture from Bayesian probabilities and that explanatory ierations
may come into play in implementing Bayesian reasoning. A-dif
culty with this approach is that it seems to require that trest ex-
planation’ bedefinedas the most probable explanation. But as noted
above this makes IBE trivial since in this case the ‘bestaxation’
is guaranteed to be the most probable explanation by definifihe
goal of IBE is to give an account of ‘best explanation’ thatasicep-
tually distinct from ‘most probable explanation’ and yebghthat
the best explanation will often be the one that is most prigbdthe



aim in this paper is to see whether there is an account of égda-
nation’ that will achieve this.

2.2 Approaches based on confirmation theory

A confirmation measure of the degree to which a piece of ecielen
E confirms an hypothesi#/, denoted:(E, H), is a measure which
satisfies

(i) ¢«(H,E)>0 iff Pr(H|E)> Pr(H)
(i) ¢«(H,E)=0 iff Pr(H|E)= Pr(H)
(i) ¢(H,E)<O0 iff Pr(H|E) < Pr(H)

wherePr is a probability function. Another way of putting this is to
say thatE’ confirms (disconfirmsH if and only if there is a positive
(negative) probabilistic dependence betwdemand H. It is impor-
tant to emphasize that confirmation in the sense used hatesdb
the impact of the evidence on the probability of the hypadthesther
than simply being the posterior probability of the hypotheagiven
the evidence. This means that the degree to whidonfirms H is

a measure of how muciore probable the evidenc& makes the
hypothesisH .

A large number of confirmation measures have been prosure, proposed in[21], which is defined flirandE as

posed in the literature (see for example [5]). Here, onlyeghr
are considered. First, the ratio measure is givenrpf, E)
log [Pr(H|E)/Pr(H)], which can be used to rank explanations
such thatH is defined to be better that, if and only if

log [ ] > log [M] .

PT‘(HQ)
However, sincePr(H;|E)/Pr(H;) = Pr(E|H;)/Pr(E), it turns
out that this results in an identical ordering of explanadias the
ML approach considered in the last section. For this reabematio
measure will not be considered further here.
An alternative confirmation measure is the difference measu

which is given byd(H, E) = Pr(H|E) — Pr(H) and so enables
H, to be defined as better thd#h, if and only if,

Pr(H1|E)

Pr(H,) ®)

Pr(H1|E) — Pr(H1) > Pr(H2|E) — Pr(Ha). 6)

The final confirmation measure considered here is the ligetih
ratio given byl(H,E) = log[Pr(E|H)/Pr(E|-H)] which en-
ablesH, to be defined as better thd#. if and only if,

Pr(E|H>)

| o s

It turns out that when there are only two mutually exclusind a
exhaustive hypothesdd; and—H; all confirmation measures will
agree as to which is the best explanation. This is becausSecdn-
firms H; then it disconfirmdd, and so the degree of confirmation E
provides forH (—H) will be positive (negative) for all confirmation

Pr(E|H.)

wheneverPr(H V E) # 0 and so the suggestion was to defifie
as better tharil, if and only if

Pr(H, AE)
Pr(H, V E)

Pr(Hy AE)
Pr(HsVE)

9)
Another coherence measure proposed in [6] is given by fifgtidg
a confirmation measure as

Pr(E|H) — P(BE|~H)
P(E|H) + P(E|~H)

F(H,E) = (10)

and then using this to define a coherence measure, which Jle sha
refer to as the Fitelson measure, @ (H,E) = {F(H,E) +
F(E,H)}/2. Using this measuréd, can be defined to be better
than Hz if and only if

CF(Hl,E) >CF(H2,E). (11)
It is worth noting that this measure is a confirmation meaasneell
as a coherence measure.

It turns out that a further coherence measure, the Shogexgi m
Pr(H,E)

! i . Pr(H)-Pr(E)’

provides an equivalent ordering to the ML approach disalsse-

lier. For this reason it will not be considered further.

3 A COMPARISON OF APPROACHES

The goal in this section is to compare the following appreacto
ranking explanations:

(MPE) the most probable explanation approach as expressed in (2),

(ML) the maximum likelihood approach as expressed in (3),

(CB) the conservative Bayesian approach as expressed as in (4),

(DIFF) the approach based on the difference confirmation measure
as expressed as in (6),

(LR) the approach based on the likelihood ratio confirmation mea-
sure as expressed as in (7),

(OCM) the approach based on the overlap coherence measure as
expressed as in (9),

(FCM) the approach based on the Fitelson coherence measure as
expressed as in (11).

It is not immediately obvious, however, how to compare tHe di
ferent approaches. Since the goal in IBE is to infer the detxala-
nation then it would seem that MPE would be the most apprtgpria
approach since it will yield the explanation with the highpsoba-
bility given the evidence. As has already been pointed awelver,
this would make IBE trivial and furthermore MPE does not Iseal
seem to capture the notion of ‘best explanation’ adequatéig can
be seen from the fact that an explanation can be the most deoba

measures. This does not apply when more than two hypotheses an€ simply because it has a high prior probability and evengh it

being considered.

2.3 Approaches based on coherence

gives a low probability for the evidence, i.e. has a low lilkebd.
Another way to address the issue is to look at what kinds of fea

tures make an explanation a good one and then see which approa

best takes these into account. This is essentially to censitiich

In [9] a case was made for using a coherence measure known &easure best captures various explanatory virtues. In¢@ke was

the overlap measure proposed in [16, 8] to rank explanatiemsan
hypothesisH and evidences the measure in question is given by

Pr(HAE)

Coll, E) = 5V )

®

made that OCM was to be preferred in this respect to MPE, ML and
CB and some scenarios were used to motivate this preferéhese.
way of proceeding is somewhat subjective, however, and whitdo
edly a case could be made for some of the other approacheon th
list since all of them have their merits.



3.1 Methodology

Here the method for comparing the approaches is ratheretiffe
Recall that IBE involves first of all consider the explangtarerits

of the potential explanations and then inferring the bestambeing 90

true or probably true. Hence, the suitability of IBE as anuictive 80 -

methodology will depend on how often it enables us to idgrttie - 70

actual (or true) explanation. It will, of course, be impbésito do § 60 | EMEE

better in this latter respect than MPE, but as we have seen iSIP Sl % CB

inadequate as an account of ‘best explanation’. The godleis to 8 -+ DIFF

see which of the other approaches best approximates MP#hieh g 401 -+ LR

of the other approaches yields the actual explanation nftest.o g 307 j?g'\'\:
o

In order to do this, computer experiments have been cartued

to see how the various approaches perform. The idea is toaal 10 -

given number of mutually exclusive and exhaustive hypahkesd 0 ‘ ‘ : : : : : : :
randomly assign prior probabilities (adding to one) to thBandom 1 2 3 4 5 6 7 8 9 10
values of the likelihoodsPr(F|H;) are then attributed to the hy- Number of Hypotheses

potheses. One of the hypotheses is then selected randocoiydaty
to the prior probability distribution and designated asdbtial hy-
pothesis. WhetheE occurs is then decided randomly based on't Figure 1. Accuracy plotted as afunctic_)n of the number of competing
likelihood ratio for the actual hypothesis. i occurs the hypothesis hypotheses for each of the different approaches.
which is the best explanation according to each of the aghem
above is identified and if it corresponds to the actual hygsiththis
is considered a success, otherwise it is a fail. The entieecese is
then repeated to get an average picture of the performaneaobf
approach. Itis also repeated for different numbers of Hygsgs.
The procedure is summarised in the algorithm be-
low.
initialize number of hypothesed and number of repetitiong
fori=1to Rdo
setcountz and counf for each approach to zero
for k =1to N do
setthe prior probability of hypothesi&l;, randomly (ensur-
ing they sum to one)
setthe likelihood of hypothesi#f;, randomly
end for
selectone hypothesis based on the prior probability distribution
and designate it the actual explanatiin
selectwhetherE or —E occurs based on the likelihood &f4
if £ occursthen
increment countg
for each approach (MPE) to (FCM) denotgdo
selectthe hypothesis that is the best explanatibp
if Hp=Hx then

It is clear from the results that the percentage accuracsedses
as a function of the number of hypotheses for all of the apgrea
considered. This, of course, is exactly as expected sintteeasum-
ber of hypotheses increases there are more ways to idemntify-a
pothesis that is not the actual explanation. Also, the MRit@aTh
performs best for all values of the number of hypothesess again
is as expected since it effectively sets the standard agahish the
other approaches are to be compared.

Clearly, the CB approach performs worst. In fact, it perferm
worse than simply selecting an hypothesis at random. Famexa
ple, whenN = 10 the accuracy is just 5.4%, whereas 10% could
be achieved by random selection. On the other hand, it must be
noted that the CB approach is the only one considered herddka
not provide a complete ordering of hypotheses and so it adsoah
much lower false positive rate than other approaches. Neless,
it seems clear that the conservative Bayesian approach otwser-
vative.

The results also illustrate the point, noted in section &t &l the
confirmation measures ML (which is equivalent to the raticame
sure), DIFF, LR, and FCM (which is also a coherence measie&) y
identical results atV = 2, but diverge forN > 2. For these higher
values of N, DIFF has the best performance, followed by LR, FCM

increment count and ML respectively. ASV becomes large the results for DIFF get
end if much closer to the MPE results. This seems reasonable sieacen-
end for firmation measure used in the DIFF approach is the differenea-
end if sure given byl(H, E) = Pr(H|E)— Pr(H) and so the prior prob-
end for ability Pr(H) becomes less important as the number of hypotheses
for each approach (MPE) to (FCMp increases.
print count; / counts Recall that three of the approaches correspond to coherseae
end for sures, OCM, FCM and ML (which corresponds to the Shogenjimea
sure, see section 2). Of these, FCM performs slightly b#tter ML,
3.2 Results but OCM outperforms all the other measures. In fact, OCMksac

MPE so closely that it is not possible to distinguish themhia fig-
Results were obtained for values df, the number of competing ure. For all values ofV the OCM result is within a couple of percent
hypotheses, ranging from 2 to 10. In each case 100,000 tiepsti  of the MPE result. This means that & = 2, for example, MPE
were carried out to ensure that the results were accurageteBults  and OCM yield the hypothesis which is the actual explanatibn
are displayed in Figure 1. The accuracy is the number of dases most 80% of the time while the confirmation measures only lyet t
which a given measure identifies the actual explanationesged as  correct result two-thirds of the time and CB half of the time.
a percentage of cases in which the evideRcaeccurs. Table 1 summarises the performances of the different appesa



averaged over values @f in terms of how well they compare with content, even though that is in tension with high probahikince
MPE. The OCM approach does remarkably well, identifyingabe  the more one says the more likely it is that what one says $e'fal
tual explanation 99% as often as MPE, with DIFF coming in sdco ([14], p. 116). Scientists are typically interested in thie® which
place with a score of 89%. CB is a long way behind the other ap-are as precise as possible and testable rather than being ead

proaches with a score of just 30%.

compatible with both a piece of evidence and its negatior dd:
count of IBE presented here seems appropriate in this cositece

Table 1. The ratio of the accuracy of each approach to the MPE approachthe cases where it will diverge from Bayesianism are thoservthe

averaged over values of from 2 to 10.

Approach  Average percentage of MPE result
OCM 99
DIFF 89
LR 78
FCM 68
ML 63
CB 30

posterior probability is high because of a high prior ancitesa low
likelihood.

5 CONCLUSIONS

Various approaches to quantifying the goodness of explaraso
that they can be compared and ranked have been consideresk Th
include several simple approaches arising directly frorpeBatheo-

rem, several approaches based on confirmation measuregwand s
eral approaches based on coherence measures. Resultseeave b
presented to show how well each of these approaches perfarms

4 DISCUSSION

The results indicate that the OCM approach using the overtap
herence measure proposed in [16, 8] performs much betterttiea

terms of identifying the actual explanation. In one senseNHPE
approach, which simply identifies ‘best explanation’ witle £xpla-
nation that is ‘most probable given the evidence’, is ideahf an

other measures when compared against the benchmark of tie pphductive point of view, but it makes IBE trivial and does poovide

approach. In effect, the OCM approach is almost as good at ide

tifying the actual explanation as the MPE approach. Thisnse®

suggest that OCM does provide a good way of comparing explan

tions or alternatively a good way of quantifying what is meanthe
‘best explanation’, but how does this relate to the viapitit IBE as
an approach to inductive reasoning?

an adequate account of ‘best explanation’. Instead MPE eaeén
as the benchmark against which the performance of otheoappes

hould be assessed.
The results show that of the other measures the OCM approach,

which uses the overlap coherence measure to identify tis¢ &xpla-
nation’, identifies the actual explanation almost as oftetha MPE

In [9] it was argued that the OCM approach provided a good Wayapproach. Yet this account seems much more plausible asanrdc

of making IBE precise and so IBE can be understoodhtesence

to the most coherent explanatiomhere coherence refers to the co-

herence between the explanation and the evidence and teeeock

measure used is the overlap measure. There it was claimed tha

of ‘best explanation’. Thus, the research presented hezs gome
way to vindicating IBE as a form of reasoning provided it islan
stood as inference to the most coherent explanation whéereoce
is measured using the overlap measure.

had a number of advantages over MPE, ML and CB and that it pro-
vides a good way of linking the goodness of an explanatiotn wit REFERENCES
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