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Abstract

Currently, there is renewed interest in the problem, raised by Shafer in 1985, of updating
probabilities when observations are incomplete (or set-valued). This is a fundamental problem
in general, and of particular interest for Bayesian networks. Recently, Grinwald and Halpern
have shown that commonly used updating strategies fail in this case, except under very special
assumptions. In this paper we propose a new method for updating probabilities with incomplete
observations. Our approach is deliberately conservative: we make no assumptions about the so-
called incompl eteness mechanism that associates compl ete with incomplete observations. We model
our ignorance about this mechanism by a vacuous lower prevision, a tool from the theory of
imprecise probabilities, and we use only coherence arguments to turn prior into posterior (updated)
probabilities. In general, this new approach to updating produces lower and upper posterior
probabilities and previsions (expectations), aswell aspartially determinate decisions. Thisisalogical
consequence of the existing ignorance about the incompleteness mechanism. As an example, we
use the new updating method to properly address the apparent paradox in the ‘Monty Hall’ puzzle.
More importantly, we apply it to the problem of classification of new evidence in probabilistic expert
systems, where it leadsto anew, so-called conservative updating rulén the special case of Bayesian
networks constructed using expert knowledge, we provide an exact algorithm to compare classes
based on our updating rule, which has linear-time complexity for a class of networks wider than
polytrees. This result is then extended to the more general framework of credal networks, where
computations are often much harder than with Bayesian nets. Using an example, we show that our
rule appears to provide a solid basis for reliable updating with incomplete observations, when no
strong assumptions about the incompl eteness mechanism are justified.
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1. Introduction

Suppose you are given two Boolean random variables, C and A. C = 1 represents the
presence of a disease and A = 1 is the positive result of a medical test. You know that
p(C=0,A=0)=0.99and that p(C =1, A=1) =0.01, so the test allows you to make
a sure diagnosis. However, it may happen that, for some reason, the result of the test is
missing. What should your diagnosis be in this case? You might be tempted to say that the
posterior probability of C = 0, conditional onamissing valueof A,issmply p(C =0|A €
{0,1}) = p(C =0) = 0.99, and that the diagnosis is ‘no disease’ with high probability.
After al, this looks like a straightforward application of Kolmogorov’'s definition of
conditional probability, which appears in many textbooks. P(B|E) = P(B N E)/P(E),
for generic events B and E, with P(E) > 0.

Unfortunately, it turns out that the above inference is wrong unless a condition known
in the literature as MAR (missing at randomis satisfied. MAR states that the probability
that a measurement for A is missing, is the same both when conditioned on A = 0 and
when conditioned on A = 1, or, in other words, that there is no systematic reason for the
missing values of A [25].

The example above is a special case of the more general problem of updating
probabilities with observations that are incomplete or set-valued: it could be argued that
the fact that a measurement for A is missing corresponds to a set-valued observation of
{0, 1} for A rather than the completeor point-valued observations 0 or 1. The difficulty we
are facing is then how to update p with such incomplete observations. To our knowledge,
this problem was given serious consideration for the first time in 1985 by Shafer [33].
Rather than taking traditional conditioning as a definition, Shafer derived it from more
primitive notions showing that the right way to update probabilities with incomplete
observations requires knowledge of what we shall call the incompleteness mechanism
(called protocolin Shafer’s paper), i.e., the mechanism that is responsible for turning a
complete observation into an incomplete one. Shafer’s result tells us that neglecting the
incompl eteness mechanism leads to a naive application of conditioning (also called naive
conditioningor naive updatingn the following) that is doomed to failure in general. This
is evident when one addresses well-known puzzles by naive conditioning, such as the three
prisoners problem and the Monty Hall puzzle. What the implications are in practise for
more realistic applications of probability theory, was partially addressed by Shafer when
he observed that “we do not always have protocolsin practical problems’. In the example
above, for instance, we may not know which is the probability that a measurement A is
missing conditional on A = 0 and conditional on A = 1 (such a conditional probability
is a specification of the protocol, or incompleteness mechanism). We may not even know
whether the two probabilitiesare equal ...
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Surprisingly, Shafer’s thesis seems to have been largely overlooked for many years.t
Kolmogorov’'sinfluential formalisation of probability theory [22] may have contributed in
this respect: the way the definition of conditioning is presented seems to suggest that one
may be totally uninformed about the incompleteness mechanism, and still be allowed to
correctly update beliefs after receiving some evidence E. That is, it seems to suggest that
naive updating is awaysthe correct way to update beliefs. Actually, the definition produces
correct results when MAR does not hold only if the underlying possibility space is built
in such away as to also model the incompleteness mechanism. Apart from the influence
of Kolmogorov’s formalisation, we might identify the unclear practical implications of
Shafer’s work as another reason for its being considered by many as something of a
statistical curiosity.

The situation has changed recently, when an interesting paper by Griinwald and Halpern
[14] kindled arenewed interest in the subject. In that work, strong arguments are presented
for the following two theses: (i) the incompleteness mechanism may be unknown, or
difficult to model; and (ii) the condition of coarsening at randortor CAR [13], acondition
more general than MAR), which guarantees that naive updating produces correct results,
holds rather infrequently. These two points taken together do raise a fundamental issuein
probability theory, which also presents a serious problem for applications: how should
one update beliefs when little or no information is available about the incompleteness
mechanism?

In the above exampl e, the mechanism might very well be such that A cannot be observed
if and only if A hasthevalue 0, and then C = 0 would be a certain conclusion. But it might
equally well bethe casethat A cannot be observedif A =1, inwhich case C = 1 would be
certain. Of course, all the intermediate randomised cases might also be possible. It follows
that the posterior probability of C = 0 can, for al we know, lie anywhere in the interval
[0, 1], and our ignorance does not allow usto say that onevalueis morelikely than another.
In other words, this probability is vacuousThus, knowing that the value of A is missing,
produces compl ete ignorance about this probability and, as a result, total indeterminacy
about the diagnosis. we have no reason to prefer C = 0 over C = 1, or vice versaAll
of thisis a necessary and logical consequence of our ignorance about the incompleteness
mechanism. We cannot get around this indeterminacy, unless we go back to the medical
test and gather more relevant information about how it may produce missing values.

Generally speaking, we believe that the first step to answer the question above is to
recognise that there may indeed be ignorance about the incompleteness mechanism, and
to alow for such ignorance in our models. This is the approach that we take in this
paper. In Section 3, we make our model as conservative as possible by representing the
ignorance about the incompl eteness mechanism by avacuous lower previsigra tool from
the theory of imprecise probabilities [37]. Because we are aware that readers may not be
familiar with imprecise probability models, we present a brief discussion in Section 2,
with pointers to the relevant literature.? Loosely speaking, the vacuous lower prevision

1 But seethe discussion in [37, Section 6.11], which has been a source of inspiration for the present work; and
some papers by Halpern et al. [15,16].

2 Sseedso [39] for agentle and less dense introduction to imprecise probabilities with emphasis on artificial
intelligence.
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is equivalent to the set of all distributions, i.e., it makes al incompleteness mechanisms
possible a priori. Our basic model followsfrom this as a necessary consequence, using the
rationality requirement of coherenceThis coherence is a generalisation to its imprecise
counterpart of the requirements of rationality in precise, Bayesian, probability theory [9].
We illustrate how our basic model works by addressing the Monty Hall puzzle, showing
that the apparent paradox vanishes if the knowledge that is actualy available about the
incompl eteness mechanism is modelled properly.

We then apply our method for dealing with incomplete observations to the special
case of a classification problem, where objects are assigned to classes on the basis of the
values of their attributes. The question we deal with in Section 4, is how classification
should be done when values for some of the attributes are missing. We derive a new
updating rule that allows us to deal with such missing data without making unwarranted
assumptions about the mechanism that produces these missing values. We regard this so-
caled conservative updating rules a significant step toward a general solution of the
updating problem. Our rule leads to an imprecise posterior, and as we argued above,
it may lead to inferences that are partially indeterminate. It may for instance happen
that, due to the fact that certain of the attribute values are missing, our method will
assign an object to a number of (optimal) classes, rather than to a single class, and that
it does not express any preference between these optimal classes. This generalised way
of doing classification is also called credal classificationin [41]. As we have argued
above, we have to accept that this is the best our system can do, given the information
that is incorporated into it. If we want a more precise classification, we shall have to go
back and find out more about the mechanism that is responsible for the fact that some
attributes are missing. But, given the characteristics of our approach, any such additional
information will lead to a new classification that refines ours, but can never contradict
it, i.e., assign an object to a class that was not among our optimal classes in the first
place.

In Section 5, we then apply the updating rule for classification problems to Bayesian
networks. We regard a Bayesian net as a tool that formalises expert knowledge and is
used to classify new evidence, i.e, to select certain values of a class variable given
evidence about the attribute val ues. We devel op an exact algorithm for credal classification
with Bayesian nets that makes pairwise comparison of classes in linear time in the
size of the input, when the class node together with its Markov blanket is a singly
connected graph. Extension to the general case is provided by an approach analogous to
loop cutset conditioningSection 6.1 applies the algorithm to an artificial problem and
clarifies the differences with naive updating. There are two important implications of the
algorithmic complexity achieved with Bayesian nets. the algorithm makes the new rule
immediately available for applications; and it shows that it is possible for the power of
robust, conservative, modelling to go hand in hand with efficient computation, even for
some multiply connected networks. This is enforced by our next result: the extension of
the classification algorithm to credal networksin Section 7, with the same complexity.
Credal networks are a convenient way to specify partial prior knowledge. They extend
the formalism of Bayesian networks by alowing a specification in terms of sets of
probability measures. Credal nets allow the inherent imprecision in human knowledge
to be modelled carefully and expert systems to be developed rapidly. Such remarkable
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advantages have been partially overshadowed so far by the computational complexity of
working in the more general framework of credal nets. Our result shows that in many
realistic scenarios, the computational effort with credal networks is the same as that
required by Bayesian nets. This may open up a wealth of potential applicationsfor credal
networks.

The concluding Section 8 discusses directions and open issues for future research.
Additional, technical results have been gathered in the appendices.

2. Basic notionsfrom the theory of imprecise probabilities

Thetheory of coherent lower previsions (sometimes also called the theory of imprecise
probalilities®) [37] is an extension of the Bayesian theory of (precise) probability [7,9]. It
intends to model asubject’s uncertainty by looking at his dispositionstoward taking certain
actions, and imposing requirements of rationality, or consistency, on these dispositions.

To make this more clear, consider arandom variable X that may take valuesin afinite®
set X. A gamble f on the value of X, or more simply, a gamble on X, is a real-valued
functionon X. It associates a (possibly negative) reward® f (x) with any value x therandom
variable X may assume. If a subject is uncertain about what value X assumesin X, he
will be disposed to accept certain gambles, and to reject others, and we may model his
uncertainty by looking at which gambles he accepts (or rejects).

In the Bayesian theory of uncertainty (see for instance [9]), it is assumed that a subject
can aways specify a fair price, or prevision P(f) for f, whatever the information
available to him. P(f) is the unique real number such that the subject (i) accepts the
gamble f — p, i.e., accepts to buy the gamble f for a price p, for dl p < P(f); and
(i) accepts the gamble ¢ — f, i.e., accepts to sell the gamble f for a price ¢, for al
g > P(f).Inother words, it isassumed that for essentially any real number r, the available
information allows the subject to decide which of the following two options he prefers:
buying f for pricer, or selling f for that price.

It has been argued extensively [34,37] that, especidly if little information is available
about X, there may be prices r for which a subject may have no real preference between
these two options, or in other words, that on the basis of the available information he
remains undecidedabout whether to buy f for price r or to sell it for that price: he may
not be disposed to do either. If, as the Bayesian theory requires, the subject shouldchoose
between these two actions, his choice will then not be based on any real preference: it
will be arbitrary, and not a realistic reflection of the subject’s dispositions, based on the
available information.

3 Other related names found in the literature are: indeterminate probabilities, interval (or interval-valued)
probabilities, credal sets, ... .

4 For simplicity, we shall only deal with variables with afinite number of possible values in this paper.

5 In order to make thi ngs as simple as possible, we shall assume that these rewards are expressed in units of
some predetermined linear utility.
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Y P P(f) g
t : }
buy f for price p ! sell f for price ¢
b) P P(f) P(f) 4
buy f for price p | no action | sell f for price g

Fig. 1. Buying and selling agamble f in (&) the Bayesian theory, and (b) in imprecise probability theory.

2.1. Coherent lower and upper previsions

Thetheory of imprecise probabilities remedies this by allowing a subject to specify two
numbers. P(f) and P(f). The subject’s lower previsionP (f) for f is the greatest real
number p such that heisdisposed to buy the gamble f for al pricesstrictly smaller than p,
and hisupper previsionP ( f) for f isthe smallest real number ¢ such that heisdisposed to
sell £ for al prices strictly greater than ¢. For any r between P(f) and P(f), the subject
does not express a preference between buying or selling f for price r (see Fig. 1).

Since selling agamble f for price r is the same thing as buying — f for price —r, we
have the following conjugacy relationship between lower and upper previsions

P(f)=—P(—f). D

This tells us that whatever we say about upper previsions can always be reformulated in

terms of lower previsions. We shall therefore concentrate on lower previsions. It will for

the purposes of this paper suffice to consider lower previsions P that are defined on the set

LX) of al gambleson X, i.e., P is considered as a function that maps any gamble f on

X to thereal number P(f).

An eventA is a subset of X, and it will be identified with its indicator 14, which

is a gamble assuming the value one on A and zero elsewhere. We aso denote P(1,4)

by P(A) and call it the lower probability of the event A. It is the supremum rate for

which the subject is disposed to bet on the event A. Similarly, the upper probability
P(A) = P(I4) =1— P(coA) is one minus the supremum rate for which the subject is
disposed to bet against A, i.e., to bet on the complementary event co A. Thus, events are
special gambles, and lower and upper probabilities are special cases of lower and upper
previsions. We use the more general language of gambles, rather than the more common
language of events, because Walley [37] has shown that in the context of imprecise
probabilities, the former is much more expressive and powerful .6 For this reason, we
consider ‘lower prevision’ to be the primary notion, and ‘lower probability’ to be derived
from it; and we follow de Finetti’'s [9] and Walley's [37] example in using the same
symbol P for both (lower) previsions and (lower) probabilities. Standard probabilistic

6 We shall seein Section 2.2 that for precise probabilities, both languages turn out to be equally expressive.
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practi70e would have us use the symbols E for expectation/prevision and P for probability
here.

Since lower previsions represent a subject’s dispositions to act in certain ways, they
should satisfy certain criteria that ensure that these dispositions are rational. Coherence
is the strongest such rationality requirement that is considered in the theory of imprecise
probabilities. For adetailed definition and motivation, we refer to [37]. For the purposes of
the present discussion, it suffices to mention that alower prevision P on L(X) is coherent
if and only if it satisfies the following properties, for all gambles f and ¢ on X, and all
non-negative real numbers A:

(P1) mincex f(x) < P(f) [accepting sure gains];
(P2) P(f+g) = P(f)+ P(g) [super-additivity];
(P3) P(Af)=A1P(f) [positive homogeneity].

Observe that for a coherent P, we havethat P(f) > P(f) foral f e L(X).
2.2. Linear previsions

It follows from the behavioural interpretation of lower and upper previsions that if
P(f) = P(f) for some gamble f, then this common value is nothing but the fair price,
or prevision, P(f) of f, as discussed in the previous section. A linear previsionP on
L(X) is defined as a rea-valued map on L(X) that is coherent when interpreted as a
lower prevision, and self-conjugaten the sense that P(f) = —P(—f) for al gambles
f, so the conjugate upper prevision of P is aso given by P. Thisimplies that a linear
prevision P should satisfy the following properties, for all gambles f and g on X, and all
real numbers i:

(P1) mineex f(x) < P(f) < mMaXyex f(x);
(P2) P(f+g =P(f)+ P
(P3) P(ALf)=AP(f).

This follows at once from the characterisation (P1)—(P3) of a coherent lower prevision,

and the conjugacy relationship (1). Thus, linear previsions turn out to be exactly the same

thing as de Finetti’'s coherent previsions [7,9]. They are the so-called preciseprobability

models, which turn out to be special cases of the more general coherent imprecise

probability models. Any linear prevision P is completely determined by its so-called mass
function p, defined by p(x) = P({x}), since it follows from the axioms (P2) and (P3)

that for any gamble f,

P(f)=)_ f(x)p(x)
xeX

isthe expectation of f associated with the mass function p. We denote the set of all linear
previsionson L (X) by P(X).

7 Instead, we shall reserve the symbol E for natural extension.
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2.3. Sets of linear previsions

With any lower prevision P on L(X), we can associate its set of dominating linear
previsions:

M(P)={PeP): (YfeL))(P(f)<PU)}

Observe that this set M( P) is convex and closed. It turns out that the lower prevision P
is coherent if and only if M(P) # ¢, and if moreover P isthe lower envelope of M( P):
for all gambles f on X,°

P(f)=inf{P(f): P eM(P)}.

Conversely, the lower envelope P of any non-empty subset M of P(X), defined by
P(f)=inf{P(f): P e M} fordl fe LX), isacoherent lower prevision. Moreover
M(P) = CH(W), where CH(M) is the convex closure (i.e., the topological closure of the
convex hull) of M [37, Chapters 2 and 3]. This tells us that working with coherent lower
previsionsis equivalent to working with convex closed sets of linear previsions. It also tells
us that a coherent lower prevision P is also the lower envelope of the set ext(M( P)) of
the set of extreme points of M(P).

This brings us to the so-called Bayesian sensitivity angsis interpretatiorof a lower
prevision P or a set of linear previsions M. On this view, a subject’s uncertainty should
always be described by some ideal probability measure, or equivalently, by some linear
prevision Pr. We could call this the assumption of ideal precisio®ue to lack of time,
resources or elicitation, we may not be able to uniquely identify Pz, but we may often
specify a set M such that we are certain that Pr € M, or equivalently, a lower prevision
P such that P < Pr. On this view, any conclusions or inferences we derive from the
availableinformation must be robust they must bevalid for al possible candidates P € M
for theideal prevision Pr. Although we emphatically do not make the assumption of ideal
precision in this paper, we shall see that many of the results we derive, are compatible with
it, i.e., they can also be given a Bayesian sensitivity analysis interpretation.

2.4. Vacuous lower previsions

Thereis aclass of coherent lower previsionsthat deserves specia attention. Consider a
non-empty subset B of X. Then the vacuous lower previsio® ; relative to B is defined

by
P p(f)=minf(x) 2
xeB
for all gambles f on X. Verify that P  isacoherent lower prevision, and moreover
M(P p)={P ePX): P(B)=1}.

8 We only consider the topology of point-wise convergence on P(X). If weidentify linear previsions with their
mass functions, which can in turn beidentified with elements of the unit simplex in R", where n is the cardinality
of X, this topology is also the relativisation to this unit simplex of the usua Euclidean (metric) topology on R”.

9 Since M(P) isconvex and closed, thisinfimum is actually achieved, and it can be replaced by a minimum.
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This tells us that P 5 is the smallest (and therefore most conservative) coherent lower
prevision P on L£(X) that satisfies P(B) = 1 (and therefore P(B) = P(B) =1). P(B) =1
means that it is practically certainto the subject that X assumes a value in B, since he
is disposed to bet at al non-trivial odds on this event. Thus, in the context of the theory
of lower probabilities, P  is the appropriate model for the piece of information that ‘ X
assumesavaluein B’ and nothing moreany other coherent lower prevision P that satisfies
P(B) =1dominates P z, and therefore represents stronger behavioural dispositions than
those required by coherence and this piece of information alone. Also observe that

ext(M(P g)) ={Ps: x € B},

where P, isthe (degenerate) linear prevision on £ (X) al of whose probability massliesin
x, defined by P, (f) = f(x) for al gambles f on X. P ; is therefore the lower envelope
of this set of (degenerate) linear previsions, asis also apparent from Eq. (2).

2.5. Marginal lower previsions

Now consider another random variable Y that may assume values in a finite set Y.
A coherent lower prevision P on L(X x Y) isamodel for a subject’s uncertainty about the
values that the joint random variable (X, Y) assumesin X x Y. We can associate with P
the so-called marginallower prevision P , on L(Y), defined as follows:

Py(e)=P(g)

for al g € L(Y), where the gamble g’ on X x Y is defined by g'(x, y) = g(y) for all
(x,y) € X x Y. Inwhat follows, we shall identify g and g’, and simply write P(g) rather
than P(g’). Themarginal P , on L(X) isdefined similarly.

The marginal Py is the corresponding model for the subject’s uncertainty about the
valuethat Y assumesin Y, irrespective of what value X assumesin X.

If P isin particular alinear prevision, its margina Py isalinear prevision too, and its
mass function py isgiven by the well-known formula

pr(»M=P(Xx )= px..

xeX

2.6. Conditional lower previsions and separate coherence

Consider any gamble 2z on X x Y and any value y € Y. A subject’s conditional lower
previsionP (h|Y = y), also denoted as P (k|y), is the highest real number p for which the
subject would buy the gamble i for any price strictly lower than p, if he knew in addition
that the variable Y assumesthe value y (and nothing more!).

We shall denote by P(h|Y) the gambleon Y that assumes the value P(h|Y = y) =
P(hly) iny €Y. We can for the purposes of this paper assumethat P(k|Y) is defined for
al gamblesh on X x Y, and we call P(-|Y) a conditional lower prevision on L(X x Y).
Observethat P(-|Y) mapsany gamble s on X x Y to thegamble P(k|Y) on Y.

Conditional lower previsions should of course also satisfy certain rationality criteria.
P(|Y) is called separately cohererif for al y € Y, P(-|y) is acoherent lower prevision
on L(X x Y), and if moreover P(X x {y}|y) = 1. Thislast condition is natura since it
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simply expresses that if the subject knew that Y = y, he would be disposed to bet at all
non-trivial oddsontheeventthat Y = y.
It is a consequence of separate coherencethat for all 2 in L(X x Y) and all y € Y,

P(hly)=P(h(,V)y).

This implies that a separately coherent P(-|Y) is completely determined by the values
P(f|Y) that it assumesin thegambles f on X alone. We shall usethisvery useful property
repeatedly throughout the paper.

2.7. Joint coherence and the Generalised Bayes Rule

If besides the (separately coherent) conditional lower prevision P(-|Y) on L(X x Y),
the subject has also specified a coherent (unconditional) lower prevision P on L(X x Y),
then P and P(-|Y) should in addition satisfy the consistency criterion of joint coherence
Thiscriterion is discussed and motivated at great length in [37, Chapter 6]. For our present
purposes, it suffices to mention that P and P(-|Y) arejointly coherent if and only if

P(Ixxiy[h — P(hly)]) =0 foralyeYandalhel(X xY). (GBR)

If P isalinear prevision P, this can be rewritten as P(hlxxy)) = P(h|y)P(X x {y}),

and if py(y) = Pr({y}) = P(X x {y}) > O it follows that P(-|y) is the precise (linear)

prevision given by Bayes' rule:

P(hIfox{y})

P(X x{y}’

or equivaently, in terms of mass functions: if py(y) > 0 then p(x|y) = p(x, y)/py (y).

For this reason, the joint coherence condition given above is also called the Generalised
Bayes Rulé¢GBR, for short). It can be shown [37, Theorem 6.4.1] that if P(X x {y}) > 0,

then P(h|y) is uniquely determined by this condition, or in other words: it is the unique

solution of the following equationin p:

P(Ixxyylh — n]) =0.
Equivalently, we then have that
P(hlxxy) .
P(Xx {y}h)

i.e., the uniquely coherent conditional lower prevision is obtained by applying Bayes' rule
to every linear previsionin M( P ), and then taking the lower envel ope. For thisreason, this
procedure for obtaining a conditional from a joint lower prevision is also called divisive
conditioningby Seidenfeld et al. [17,32].

P(hly) = P(hly) =

B(hly)=inf{ PGM(E)},

2.8. Natural and regular extension

If P(X x {y}) > 0, then the conditional lower prevision P(-|y) isuniquely determined
by the unconditional lower prevision P. But this is no longer necessarily the case if
P (X x {y}) = 0 (something similar holds in the Bayesian theory for precise previsions
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P if py(y) = P(X x {y}) = 0). The smallest, or most conservative, conditional lower
prevision E(-|Y) that is jointly coherent with the joint lower prevision P is caled the
natural extensiomf P to aconditional lower prevision. For any gamble on X x Y and y
inY, itisuniquely determined by the GBR if P(X x {y}) > 0, and by

E(hly) Zﬂijl’clh(x,y)

if P(X x {y})=0,i.e, E(-]y) is then the vacuouslower prevision relative to the set
X x {y}.

In certain cases, it may be felt that natural extension is too conservative when P (X x
{y}H = 0. The following procedure, called regular extensionallows us to associate with
any coherent lower prevision P on L(X x Y) another (separately coherent) conditional
lower prevision R(:|Y) that isjointly coherent with P:

(RE1) if P(X x {y}) > 0, then R(h|y) isthe greatest solution of the following inequality
inw:
E(IDCX{y}[h - ,LL]) > 0;
(RE2) if P(X x {y}) =0, then R(:|y) isthe vacuouslower prevision relativeto X x {y}:
R(hly) =minh(x, y);
xeX

where i isany gambleon X x Y. Regular extension coincideswith natural extension unless
P(Xx{y}))=0and P(X x {y}) > 0,inwhich case natural extensionisvacuousand regular
extension can be much less conservative. We shall see examples of thisin the following
sections. The regular extension R(-|Y) is the smallest, or most conservative, conditional
lower prevision that is coherent with the joint P and satisfies an additional regularity
condition. It is the appropriate conditioning rule to use if a subject accepts precisely those
gambles i for which P(h) > 0 and P(h) > O (see [37, Appendix J for more details).
It is especialy interesting because it has a nice interpretation in terms of sets of linear
previsions: if P(X x {y}) > 0 it can be shown quite easily that
| P(RIxxyy) |
R(hly) = mf{ P X)) PeM(P)and P(X x {y}) > o}.

Thus, R(h|y) can be obtained by applying Bayes' rule (whenever possible) to the precise
previsionsin M( P ), and then taking the infimum. Regular extension therefore seems the
right way to update lower previsions on the Bayesian sensitivity analysis interpretation as
well. It has been called Bayesian updatingf coherent lower previsions by for instance
Jaffray [18]. Regular extension is also used for updating in one of the more successful
imprecise probability models, namely Walley’s Imprecise Dirichlet Model [38], where
using natural extension would lead to completely vacuous inferences. Also see [5,10,36,
37,39] for more information about this type of updating.

2.9. Marginal extension

It may also happen that besides a (separately coherent) conditional lower prevision
P(-]Y) on L(X x Y) (or equivalently, through separate coherence, on £ (X)), weaso havea
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coherent marginal lower prevision P , on L(Y) modelling the available information about
thevaluethat Y assumesiny.

We can then ask ourselves whether there exists a coherent lower prevision P on all of
L(X x Y) that (i) has marginal Py, and (ii) is jointly coherent with P(-|Y). It turns out
that thisis always possible. In fact, we have the following general theorem (a specia case
of [37, Theorem 6.7.2]), which is easily proved using the resultsin the discussion above.

Theorem 1 (Marginal extension theorem). Let P, be a coherent lower prevision dixy),
and let P(-|Y) be a separately coherent conditional lower prevision@fX x Y). Then
the smallesfmost conservatiyecoherent lower prevision 08(X x Y) that has marginal
P, and that is jointly coherent witl? (-|Y) is given by

P(h)= P y(P(h]Y)) (3
for all gamblesh on X x Y.

For alinear marginal Py and a conditional linear prevision P(-|Y), we again recover
well-known results: the marginal extension is the linear prevision P = Py (P(-|Y)). In
terms of mass functions, the marginal extension of the marginal py (y) and the conditional
p(y|x) is given by p(x,y) = p(x|y)pyr(y). Waley has shown [37, Section 6.7] that
marginal extension also has a natural Bayesian sensitivity analysis interpretation in terms
of sets of linear previsions. for any gamble 2 on X x Y, we have that

P(h)=Py(PHhIY))
=inf{Py(P(h|Y)): Py e M(Py) and (Vy € )(P(ly) e M(P(I))}. ()

The marginal extension of P, and P(-|Y) can in other words be obtained by forming the
marginal extension for their compatible, dominating linear previsions, and then taking the
infimum. In thisinfimum, the sets M( P ) and M(P(:|y)) can be replaced by their sets of
extreme points.

2.10. Decision making

Suppose we have two actions a and b, whose outcome depends on the actual value
that the variable X assumesin X. Let us denote by f, the gamble on X representing the
uncertain utility resulting from action a: a subject who takes action a receives f, (x) units
of utility if the value of X turnsout to be x. Similar remarks hold for the gamble f3.

If the subject is uncertain about the value of X, it is not immediately clear which of
the two actions he should prefer.1° But let us assume that he has modelled his uncertainty
by a coherent lower prevision P on L(X). Then he strictly prefersaction a to action b,
which we denoteas a > b, if heiswilling to pay some strictly positive amount in order to
exchange the (uncertain) rewards of b for those of a. Using the behavioural definition of
the lower prevision P, this can be written as

a>b &  P(fa—fo)>0. ®)

10 Unless fa point-wise dominates f}, or vice versawhich we shall assumeis not the case.
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If P isalinear prevision P, thisisequivaentto P(f,) > P(fp): thesubject strictly prefers
the action with the highest expected utility. It is easy to seethat P(f, — f») > 0 can aso
be written as

(VP e M(P))(P(fa) > P(fp)).

In other words, a > b if and only if action a yields a higher expected utility than 5 for
every linear prevision compatible with the subject’'s model P. This means that > aso
has a reasonable Bayesian sensitivity analysis interpretation. We shall say that a subject
marginally prefersz over b if P(f, — f») = 0, i.e, when heiswilling to exchange f, for
fa inreturn for any strictly positive amount of utility.

If we now have some finite set of actions K, and an associated set of uncertain rewards
{fs: a € K}, then it follows from the coherence of the lower prevision P that the binary
relation > on K isadtrict partial order, i.e., it is transitive and irreflexive. Optimal actions
a arethose elements of K that are undominatedi.e., to which no other actions b in K are
gtrictly preferred: (Vb € K)(b # a), or equivalently, after some manipulations,

(Vb e K)(P(fa — f») 2 0).

We shall call such actions P-maximal(in K). If P isalinear prevision P, the P-maximal
actions are simply those actions a in K with the highest expected utility P(f,).

Two actionsa and b are called equivalento a subject, which we denote asa ~ b, if he
isdisposed to (marginally) exchange any of them for the other, i.e., if both P(f, — f») >0
and P(fp — fu) = 0, or equivaently,

axb & P(fa—fo)=P(fa— fo) =P(fs — fa) = P(fp — fa) =0.

When P is alinear prevision P, this happens precisely when P(f,) = P(fp), i.e., when
both actions have the same expected utility.

When P is imprecise, two actions a and b may be incomparable they are neither
equivalent, nor is either action strictly preferred over the other. This happens when both
P(fs— fr) <0and P(fp — f,) <0 and at least one of these inequalities is strict. This
means that the subject has no preference (not even a marginal one) for one action over the
other; he is undecided. Note that this cannot happen for precise previsions.

Any two P-maximal actions are either equivalent (they always are when P is precise),
or incomparable, meaning that the information present in the model P does not allow the
subject to choose between them. It is an essential feature of imprecise probability models
that they alow for this kind of indecision.

3. Incomplete observations

We are now ready to describe our basic model for dealing with incompl ete observations.
Itisageneral model that describes a situation where we want to measure, or determine, the
value of a certain variable X, but for some reason can do so only in an imperfect manner:
we perform some kind of measurement whose outcomeis O, but this does not alow usto
completely determine the value of X.
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Let us give a few concrete examples to make this more clear. Suppose we want to
measure the voltage (X) across aresistor, but the read-out (O) of our digital voltage meter
roundsthis voltage to the next millivolt (mV). So if, say, weread that O = 12 mV, we only
know that the voltage X belongsto theinterval (11 mV, 12 mV].

In the example in the Introduction, X = A isthe result of the medical test. If we know
the result x of the test, then we say that we observe O = x. But if the test result ismissing,
we could indicate this by saying that O = * (or any other symbol to denote that we do not
get atest result O or 1). In that case, we only know that X belongsto the set {0, 1}.

In the well-known three-prisoner problenthree prisoners a, b and ¢ are waiting to be
executed when it is decided that one of them, chosen randomly, isto be set free. Thewarden
tells prisoner a the name of one of the other two convicts, who has not been reprieved. The
guestion is then if what the warden tells a gives him more information about whether he
will be executed or not. This can also be seen as a case of an incomplete observation: the
variable X identifies which prisoner is to be reprieved, and the observation O is what the
warden tells prisoner a. If for instance a is reprieved, then the warden will name either b
or ¢: we then know that O can take any value in the set {b, c¢}. Conversely, if the warden
names prisoner b, so O = b, then all we know is that the variable X can take any valuein
{a, c}, so again X is not completely determined by the observation O. We shall see other
concrete examples further in this section as well as in the next section.

Let us now present a formal mathematical model that represents the features that are
common to problems of this type. We consider a random variable X that may assume
values in a finite set X. Suppose that we have some model for the available information
about what value X will assume in X, which takes the form of a coherent lower prevision
P defined on L(X).

We now receive additional information about the value of X by observing the value
that another random variable O (the observation) assumesin afinite set of possible values
0. Only, these observations are incompletein the following sense: the value of O does
not alow us to identify the value of X uniquely. In fact, the only information we have
about the relationship between X and O isthe following: if we know that X assumes the
value x in X, then we know that O must assume avalue o in a non-emptysubset I" (x) of
0, and nothing moreThis idea of modelling incomplete observations through a so-called
multi-valued map” essentially goes back to Strassen [35].

If we observethevalue o of O, then we know something more about X : it can then only
assume valuesin the set

{o}f ={xeX:0eI'(x)}

of those values of X that mayproduce the observation O = o. We shall henceforth assume
that {o}* #£ @ foral o € O: observationso for which {o}* = @, cannot be produced by any x
in X, and they can therefore be eliminated from the set © without any further consequences.

Unless {o}* isasingleton, the observation O = o does not alow usto identify aunique
value for X; it only allows us to restrict the possible values of X to {o}*. Thisis even the
case if there is some possible value of X for which o is the only compatible observation,
i.e, if the set

{o}s = {x eX: I'x)= {0}}
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is non-empty: the set {o}* includes {0}, and may still contain more than one element.

The question we want to answer in this section, then, is how we can use this new piece
of information that O = o to coherently update the prior lower prevision P 5 on L(X) to a
posterior lower prevision P(-|O = 0) = P(:|o) on L(X).

In order to do this, we need to model the available information about the relationship
between X and 0, i.e., about the so-called incompleteness mechanisimat turnsthe values
of X into their incomplete observations O. In the special case that the margina P g
is a (precise) linear prevision Py (with mass function pog), it is often assumed that this
mechanism obeys the CAR condition, mentioned in the Introduction:

plolx) =p(oly)>0 (CAR)

for adl o € O and al x and y in {0}* such that pg(x) > 0 and po(y) > 0 (see [13,14]
for an extensive discussion and detailed references). It is in other words assumed that the
probability of observing O = o is not affected by the specific values x of X that may
actually lead to this observation o. After a few manipulations involving Bayes' rule, we
derive from the CAR assumption that quite simply

po(x) o %
p(x10) =1 Polor) = po(x[{o}*) if x € {o}*, (6)
0 otherwise.
This means that if we make the CAR assumption about the incompl eteness mechanism,
then using the so-called naive updating rul€6) isjustified.
For imprecise priors P g, this result can be generalised as follows for observations o
such that P o({o}*) > 0. Observe that Theorem 2 has an immediate Bayesian sensitivity

analysisinterpretation.

Theorem 2. Assume thap(o|x) = p(oly) > 0 for all 0 € O and all x and y in {o}*
such thatPg({x}) > 0 and Po({y}) > 0. Leto € O be such thatP 4({o}*) > 0. Then the
conditional lower previsiorP (-|o) is uniquely determined by coherence, and given by
P(f I
P(flo) = inf{%: Pe M(go)} =inf{ P(fl{o}*): P e M(P )}
o

for all gamblesf onX.

Proof. Let N = {x € X: Po({x}) = 0}. Then it follows from the coherence of P, that
Po(N) = 0. Moreover, for any gamble f on X, it follows from the coherence of P,
that P o(f) =P o(flcon): Po(f) only dependson the valuesthat f assumesoutside N.
Moreover, our generalised CAR assumption identifies, for al x outside N, a conditional
linear prevision P(-|x) on £(0Q), and hence, by separate coherence, on L (X x ). We may
therefore write, with some abuse of notation,!? for the marginal extension P of P o and
P(-|X):

P(h) = Po(P(h|X)),

11 The abuse consistsin assuming that the conditional lower previsions P(-|x) arelinear also for x in N, which
we can do because we have just shown that the value of the marginal extension does not depend on them.
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for all gambles on X x O. It follows from coherence arguments (see [37, Section 6.7.3])
that P is the only joint lower prevision with margina P that is jointly coherent
with P(-]X). It aso follows readily from the generalised CAR assumption that for the
conditional mass function, p(o|x) = L, I+ (x) for al x outside N, where L, is some
gtrictly positive real number that only depends on o, not on x. Consequently,
P(X x {o}) = Po(p(olX)) = Po(Lolio)) = Lo P o({0}*) > 0,

where the ineguality follows from the assumptions. It now follows from the discussion in
Sections 2.7 and 2.8 that P (-|o) isuniquely determined from the joint P by coherence, and

given by
. P(P(fIDCx{o}lx)
P(flo)= mf{ :
! P(P(X x {0} X))
for al gambles f on X. The proof is complete if we consider that for all P € M(P ),
P(N) = 0, whence with obvious notations, also using separate coherence,

P(P(fIxxo|X)) = D pOP(flxxolx)= Y pe)P(f®)o)lx)

P e M(Pg) and P(P(X x [0} X)) > 0}

xeX\N xeX\N

= Y p@f@Wpll)= Y pE)f@) Lol (x)
xeX\N xeX\N

:Lop(fl{o}*)a

and similarly
P(P(X x {0}|X)) = P(p(o|X)) = L, P({fo}*) > 0,
where the inequality followsfrom P ({o}*) > P({o}*) > 0. O

However, Grinwald and Halpern [14] have argued convincingly that CAR is a very
strong assumption, which will only bejustified in very special cases.

Here, we want to refrain from making such unwarranted assumptions in genera: we
want to find out what can be said about the posterior P(-|O) if no assumptions are made
about the incompleteness mechanism, apart from those present in the definition of the
multi-valued map I" given above. Thisimpliesthat anyone making additional assumptions
(such as CAR) about the incompleteness mechanism will find results that are compatible
but stronger, i.e., will find a posterior (lower) prevision that will point-wise dominate ours.

We proceed as follows. We have argued in Section 2.4 that the appropriate model for
the piece of information that * O assumesavaluein I'(x)’ isthe vacuous lower prevision
P () on L(0) relative to the set I' (x). This means that we can model the relationship
between X and O through the following (vacuous) conditional lower prevision P(-|X) on
L(0), defined by

P =P = mi 7
P(glx) =P r)(8) og}l&)g(o) (7
for any gamble ¢ on O. We have argued in Section 2.6 that there is a unique separately

coherent conditional lower prevision that extends this to gambles on the space X x O: for
any gamblez in L(X x 0),

P(hlx)= min h(x, o). ©)
oel(x)
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Eq. (7) aso has an interesting Bayesian sensitivity analysisinterpretation. The coherent
lower prevision P(-|x) isthe lower envelope of the set

M(P(|x)) ={P(Ix): P(I'(x)|x)=1}

of al linear previsions on L£(O) that assign probability one to the event I'(x), i.e, for
whichitiscertainthat O € I'(x). On the Bayesian sensitivity analysisinterpretation, each
such linear prevision P (-|x) represents a so-called random incompleteness mechani@m
aprotocol, in Shafer’sterminology [33]): arandom mechanism that chooses an incomplete
observation o from the set I"(x) of observations compatible with state x, with probability
p(olx). Theset M(P(-|x)) containsall possible such random incompl eteness mechanisms,
and its lower envelope P(-|x) models that we have no information at all about which
random incompl eteness mechanism is active.

Using Walley’s marginal extension theorem (see Theorem 1 in Section 2.9), the smallest
(unconditional) lower prevision P on L(X x O) that extends P 5 and is jointly coherent
with the conditional lower prevision P(-| X) isgiven by

P(h) =P o(P(h|X))

for al gambles s on X x 0.2 In order to find the posterior lower prevision, we can now
apply the technique of regular extension, discussed in Section 2.8. It yields the smallest
(most conservative) posterior lower prevision R(-|O) that is jointly coherent with P (and
therefore with P 5 and P(-|X)) and setisfies an additional regularity condition. We have
argued in Sections 2.8 and 2.9 that it also seems the right way to obtain a posterior lower
prevision on the Bayesian sensitivity analysisinterpretation.

Theorem 3. Leto € O and let f be any gamble of(. If Po({o}*) > 0, then

R(flo) =max{u: P (I}, max{f — w0} + Ijpp min{ f — pu, 0}) > 0}.
If P({o}*) =0thenR(f|o) =min.cx f(x).
Proof. The discussion in Section 2.8 tells us to look at the value of P(X x {0o}) =
Po(P(X x {o})|X). Observe that for any x € X, by Eq. (8),

F(DC X {0}|x) = MaX Ixyo)(x, p) = Loy (x),

pel(x)

whence P (X x {0})|X) = I;,)= and consequently P (X x {o}) = Po({o}*). If P(X x {o}) =
Po({o}*) = 0 then the discussion in Section 2.8 tells us that R(-|o) is indeed the vacuous

lower prevision on L(X) (relative to the set X). If P(X x {0}) = Po({0}*) > 0, then we
know that, by definition, R( f o) isthe greatest solution of the following inequality in w:

P(Ixxio)lf — 1) = 0.
But for any x € X, wefind that

12 gee [27] for amore general discussion with more mathematical detail.
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P(Ixxio)lf — 1llx) = pemril(’lx) I (6, P[f (0) — 1]

f(x)—un if x € {0}«
=1min{0, f(x) —u} ifxe{o}*andx ¢ {0}«
0 if x & {o}*

= 1), (x) max{ £ (x) — 1, 0} + Loy (x) min{ £ (x) — p, 0},
whence indeed

P(Ixxio)[f — 1]) = P o(Ioy, maX{ f — u, 0} + Iy min{ f — p, 0}).
This concludesthe proof. O

It also follows from this proof and the discussion in Section 2.8, that the natural—as
opposed to the regular—extension E(-|o) is vacuouswhenever P(X x {o}) = P o({o}x) =
0, and that E (ko) isthe unique solution of the equation

P o(Iioy, max{f — p, 0} + I min{ f — 1, 0}) =0

in u whenever P 5({o}s) > 0 (in which case regular and natural extension coincide). We
shall see later that there are interesting cases where {0}, is empty, and where the natural
extension E(-|o) is therefore the vacuous lower prevision relative to X. But this seems
needlessly imprecise, as we know from the observation O = o that X should belong to
the set {o}* of those values that can produce the observation o, which may be a proper
subset of X. We shall see in Theorem 4 that regular extension produces results that are
more intuitively acceptable in this respect.

Let us now apply the results of Theorem 3 to a puzzle of some standing in probability
theory: the Monty Hall puzzle (see for instance [14] for further discussion and references).
We mention in passing that it is very closely related to the three prisoners problem,
introduced at the beginning of the section, an that it can be dealt with in an almost identical
manner.

3.1. The Monty Hall puzzle

In the Monty Hall game show, there are three doors. One of these doors leads to a car,
and the remaining doors each have a goat behind them. You indicate one door, and the
show's host—Ilet us call him Monty—now opens one of the other doors, which has a goat
behind it. After this observation, should you choose to open the door that isleft, rather than
the one you indicated initially?

To solve the puzzle, we reformulate it using our language of incomplete observations.
Label the doorsfrom 1 to 3, and assume without loss of generality that you picked door 1.
Let the variable X refer to the door hiding the car, then clearly X = {1, 2, 3}. Observe that
thereis aprecise prior prevision Py determined by Po({1}) = Po({2}) = Po({3}) = % The
observation variable O refersto the door that Monty opens, and consequently O = {2, 3}
isthe set of doors Monty can open. If the car is behind door 1, Monty can choose between
opening doors2 and 3, so I" (1) = {2, 3}, and similarly, I"(2) = {3} and I" (3) = {2}. Since
we know nothing at all about how Monty will choose between the options open to him,
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we should model the available information about the relation between X and O by the
conditional lower prevision P(-|X) given by Eq. (8): for any gamble 2 on X x O,

PhI) =min{h(1,2),h(1,3)}, P*hI2D=h23), PHI3)=h(32).

Applying the marginal extension theorem to the marginal Po and the conditional lower
prevision P(-|X), we find the following joint lower prevision P on L(X x O):

1 . 1 1
P)=7 min{h(L,2), h(1,3)} + 3123+ 3132,

for al gambles on X x O.

Assume without loss of generality that Monty opens door 2. What can we say about the
updated lower prevision R(f|2) when f isany gambleon X? Since P(X x {2}) = % > 0,
we can use the GBR to find the (uniquely!) coherent R(f|2) as the unique solution of the
following equation in wu:

1 1
P(lxx[f — ul) = gmin{f (D) — u, 0} + 3[f3) — u] =0.

Itiseasy to see that

1 1
R(f1D=51@)+5 min{ £ (3), (D}

We are now ready to solve the puzzle. Which of the two actions should we choose: stick to
our initial choice and open door 1 (action a), or open door 3 instead (action b). In Table 1
we see the possible outcomes of each action for the three possible values of X. If the
gamble f, on X represents the uncertain utility received from action a, and similarly for
f», then we are interested in the gamble f, — f,, which represents the uncertain utility
from exchanging action a for action b. The possible values for this gamble are also given
in Table 1, where A denotes the difference in utility between a car and a goat, which is
assumed to be strictly positive. Then we find that

Ry~ folD =2 A+ 2 min(4, —4) =0
and
1 1 .
R(fa— 112 = —5A+5min{A, —A}=—A.

Thisimpliesthat, with the notions and notations established in Section 2.10,a # b, b # a,
and a # b: the available information does not allow us to say which of the two actions,
sticking to door 1 (action a) or choosing door 3 (action b), is to be strictly preferred;

Tablel

Possible outcomes in the Monty hall puzzle
1 2 3

a car goat goat

b goat goat car

o= Ja —A 0 A




94 G. de Cooman, M. Zaffalon / Artificial Intelligence 159 (2004) 75-125

and neither are these actions equivalent. They are incomparable, and we should remain
undecided on the basis of the information available in the formulation of the puzzle.

The same conclusion can a so be reached in the following way. Supposefirst that Monty
has decided on beforehand to always open door 3 when the car is behind door 1. Since he
has actually opened door 2, the car cannot be behind door 1, and it must therefore be behind
door 3. In this case, action b is clearly strictly preferable to action a. Next, suppose that
Monty has decided on beforehand to always open door 2 when the car is behind door 1.
Since he actually opensdoor 2, therearetwo equally likely possibilities, namely that the car
isbehind door 1 or behind door 3. Both actionsa and b now have the same expected utility
(zero), and none of them isthereforestrictly preferableto the other. Since both possibilities
are consistent with the avail able information, we cannot infer any (robust) strict preference
of one action over the other. A similar analysis was made by Halpern [15].

Observe that since R(f, — f412) = 0, you almost-preferb to a, in the sense that you
are disposed to exchange f, for f, in return for any strictly positive amount. In the
dightly more involved case that Monty could also decide not to open any door (denote
this observation by 0), we now have O ={0,2,3}, I'(1) ={0,2,3}, I'(2) = {0, 3} and
I’ (3) = {0, 2}. Consequently, {2}, = @ and {2}* = {1, 3}, and asimilar analysis as before
(seein particular Theorem 4 below) tells us that the updated lower prevision is given by
R(f12)=min{f(1), f(3)}, andweget R(f, — fal2) = R(fa — f»|2) = —A: now neither
option is even amost-preferred, let alone strictly preferred, over the other.

3.2. When naive updating is justified

We are now in a position to take a closer look at the issue of when using the naive
updating rule (6) can be justified, even if nothing is known about the incompleteness
mechanism.

We start with a precise prior prevision Pp on L(X) and consider an incomplete
observation o € ©. We shall assume that {0}, is non-empty? and that the mass function
po isstrictly positive on al elementsof {o}*. Inthis case, it followsfrom the discussionin
Section 2.7 and the proof of Theorem 3 that the posterior lower prevision after observing
o isuniquelydetermined by coherence, and equal to the regular extension R(-|0).

We shall see from the following discussion that using the naive posterior Py(-|{o}*) is
till justified, even if we know nothing at all about the incompleteness mechanism, if and
only if

{o}x = {0}, (NAIVE-OK)

i.e, if al the states that mayproduce observation o can only produce observation o.
First of al, if (NAIVE-OK) holds, it follows immediately from Theorem 3 and the
assumptionsthat

Po(f Iioy) i

R(flo)= W = PO(fHO}*),

13 it {o}x = @ then the vacuous lower prevision P(-|o) relative to X is coherent with the joint P, and naive
updating will not be justified, as it produces a precise posterior.
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indeed yielding the same result as naive updating does [see Eq. (6)].

We now show that (NAIVE-OK) is also necessary. If our regular extension (and
therefore coherence) produces the same result as naive updating does, this implies that
R(-|o) isalinear prevision. So we havethat for any gamble f on X, R(f|o) = —R(— f o).
It then followsfrom Theorem 3, after some el ementary manipul ations, that for each gamble
f thereisaunique u such that

Po(I1oy, max{ f — , 0} + Ipp min{ f — ., 0})
= Po(I10), min{ f — p, 0} 4 Ijoy» max{ f — ,0}) = 0.
Let x be any element of {o0},. Choosein particular f = Iyy,, then it follows that

Po(Lioy, [ xy — 1) = Po(Ijop [y — 11) =0,
or equivalently

u= pox)  po(x)
Po({o}s)  Po(fo})’
whence Po({o}«) = Po({0}*), sinceit followsfrom our assumptionsthat po(x) > 0. Again,
since po is assumed to be strictly positive on al elements of {0}*, Eg. (NAIVE-OK)
follows.

Observe that if Eq. (NAIVE-OK) holds, then all states x in {o}* can only lead to
observation o, whence p(o|x) = 1, so the CAR condition is forced to hold, but in a very
trivial way. In the same vein, it follows from Eq. (NAIVE-OK) and Eq. (8) that for all x
in{o}*, P(f|x) = f(0),s0 P(:|x) isaprecise conditional prevision, whose mass function
satisfies p(o|x) =1 foral x in {o}*.

Our conclusion isthat when the incompl eteness mechanism is unknown, naive updating
is never justifiedexcept in those trivial situations where CAR cannotfail to hold. It is
striking that Grinwald and Halpern obtain essentially the same conclusion using a rather
different approach: compare Eqg. (NAIVE-OK) to Proposition 4.1 in [14].

3.3. When an observation is not a necessary consequence

To conclude this general discussion of incomplete observations, we shall consider
an important special case where nearly all reference to the prior is obliterated!* from
the posterior: we want to find R(-|o) for an observation O = o that is not a necessary
consequence of any valueof X, i.e,

{o}s = {x eX: I'x)= {0}} =0. (A1)

We make the additional assumption that each state of the world compatible with
observation o has positive upper probability, i.e.,

Fo({x}) >0 forallx e{o}*. (A2

14 This is essentially due to the fact that updating reguires us to condition on a set with zero lower prior
probability. Observe that also in the case of precise probabilities, coherence imposes a very weak link between a
prior and a posterior obtained after observing a set of zero prior probability. See also Section 2.8.
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Under these conditions the regular extension R(-|o) does not depend on the prior P g, and
only retains the information present in the multi-valued map I", as the following theorem
states. We a so want to observe that using natural rather than regular extension here, would
lead to a posterior that is vacuous with respect to all of X, which would make us lose even
the information presentin I".

Theorem 4. If o € O satisfies AssumptiofA1) and P , satisfies AssumptioffA2), then
R(|o) is the vacuous lower previsiah .. on L(X) relative to{o}*:

R(flo) =P (f)= min f(x)
forall fin L(X).

Proof. We apply the results of Theorem 3. Sinceit follows from Assumption (A2) and the
coherenceof P, that Po({o}*) > O, we consider the gamble

Ju = Ty min{ f — p, O} + Iy, max{ f — p, 0} = o), Min{f — p, 0}
on X, where the last equality follows from Assumption (A1). Then, we know that
R(flo)=max{u: Po(fu) >0} =max{u: P o(It), min{f — u,0}) >0}.

Let A =ming: per) () = MiNgepop f(x). If w <A then f(x) — pn < Oimplies f(x) —
. < Owhencex ¢ {o}*. Consequently f,, isidentically zero, whence P o(f,,) = 0. Assume
therefore that v > A. It remainsto provethat P y(f,) < 0. Observe that there is some xg
in{o}* suchthat f(xo) = A. If f isconstant, and thereforeequal to A, on {o}*, wefind that
Sfu = —[u — All{py+, whence

Po(fu) =—In—A1Po({0}*) <O,

also taking into account that Assumption (A2) implies Po({o}*) > 0. If f isnot constant
on {o}*, let x1 be an element of {o}* such that f assumes no values between f (xg) and
f(x1) on{o}*, and let Ag={x € {o}*: f(x) = f(xp)}. Assumethat L < u < f(x1), then
for dl x € {o}* it follows from f(x) < u that x € Ag and therefore f(x) = f(x0) = A.
Consequently, f,, = —[n — All4,, Whence

Po(fu) =—I1 = x]1Po(Ao) <0,

since it follows from Assumption (A2) and the coherence of P  that Po(Ag) > 0. Since
we can aso deduce from the coherence of P, that P o(f,.) is non-increasing in u, the
result follows. O

It is illustrative to prove this theorem in an aternative manner, using sets of linear
previsions.

Alternative proof using sets of linear previsionsA selections for the multi-valued map
I’ is afunction from X to O that associates with each x € X a compatible observation
s(x) € I'(x). Denote by S(I") the set of al possible selections:

S ={s € 0% (Vx e N)(s(x) e I'(x))}).
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For any s in S(I'), define the conditional linear prevision Py(-|X) on £(0) by Py(-|x) =
Ps(x) for al x € X, where Py, is the (degenerate) linear prevision on £(O) all of whose
probability massliesin s(x), defined by Py, (g) = g(s(x)) for al gambles g on O. Then
clearly,

{Ps(-1X): s € S(IN)}
is precisely the set of all conditional linear previsions P (| X) such that

P(-|x) € ext(M(P(:|x)))

for all x € X, and consequently, following the discussion in Sections2.8 and 2.9, it iseasily
seen that

R(flo) = inf{ Po(Ps (f Fxcx o) |X)).

Po(Ps (X x {0}|X))

PoeM(Pg), seSU),

Po(Ps(X x {0}|X)) > o}.

Now for any x in X, also using separate coherence,
Py (X x {0}]x) = It g0y (%, 5 (1)) = T(o) (s (X)) = Lj-1(0), (%),

whence Po(P;(X x {0}|X)) = Po(s~1({0})), where s1({o}) = {x € X: s(x) = 0} C {0}*.
Similarly,

Py(f Incxioy|[X) = f () Ic oy (%, 5 (X)) = f () (o) (s (X)) = f (0) =110y (X),
whence Po(Ps (f Ixx (o}l X)) = Po(f 1;-1(;,)))- Consequently,

. Po(f 11 {0} )_ _
E(f|o):|nf{Po(T({(0}))). Poe M(Pyg), s € S(I), Po(s~({0})) >0}

=inf{Po(fIs™({o})): Poe M(Pg), s €SI, Po(s *({0})) > 0}. (9)

Now consider any x € {o}*, whenceo € I" (x). Conseguently, thereisaselections € S(I")
such that s(x) = o. Moreover, Assumption (A1) tells us that we can let s(y) # o for
al y # x. Indeed, this is guaranteed if for al y # x there is some p in I'(y) different
from o, so that we can let s(y) = p. If this condition did not hold, then there would
be some y # x such that p = o for dl p € I'(y), i.e, I'(y) = {o}, whence y € {0},
which contradicts Assumption (A1). Now for such s it holds that s~1({0}) = {x}, and
consequently Po(s~*({o})) = Po({x}) and Po(fI,-1((y)) = f(x)Po({x}) for al Py e
M(P ). But Assumption (A2) tells us that there is at least one Pg in M( P o) for which
Po({x}) > 0, and it therefore follows from Eq. (9) that R(f|o) < f(x), and consequently
R(flo) < mineeoy f(x). To prove the converse inequality, use Eq. (9) and observe that
foral s e S(I") and Po € M( P o) suchthat Po(s~1({o})) > O,

Po(fIi-1((0p)
Po(s71({0})) 7 xes—L(jo})

since the left-hand side is some convex combination of the f(x) for x in s~1({o}), and
sinces 1({o}) C{o}*. O

fx) = m{ir;*f(X),



98 G. de Cooman, M. Zaffalon / Artificial Intelligence 159 (2004) 75-125

The selections s € S(I") in this proof are essentially the deterministic incompleteness
mechanisms. They model that for any state x, the observation s(x) € I' (x) is selected with
probability one: py(s(x)|x) = 1.

4. Missing datain a classification problem

In order to illustrate the practical implications of our model for the incompleteness
mechanism, let us show how it can be applied in classification problems, where objects
have to be assigned to a certain class on the basis of the values of their attributes.

4.1. The basic classification problem

Let in such aproblem € be the set of possible classes that we want to assign objects to.
Let Ay, ..., A, bethe sets of possible values for the n attributes on the basis of which we
want to classify the objects. We denote their Cartesian product by

X=A1x---xA,.

We consider a class variableC, which is arandom variable in €, and attribute variables
Ay, which are random variablesin Ay (k=1,...,n). The n-tuple X = (A1,..., A,) is
a random variable in X, and is called the attributes variable The available information
about the relationship between class and attribute variablesis specified by a (prior) lower
prevision Py on L(C x X), or equivalently,'® by a marginal lower prevision Pgon LX)
and a conditional lower prevision P o(-|X) on L(C).

To see how classification is performed, let us first look at the case thet P  is alinear
prevision Py, or equivalently, a precise probability measure. If the attributes variable X
assumesavauex in X, then the availabl e information about the values of the classvariable
C isgiven by the conditional linear prevision Pp(-|x). If, on the basis of the observed value
x of the attributes variable X, we decide that some ¢’ in € is the right class, then we
can see this as an action with an uncertain reward f,-, whose value f./(c) depends on the
value ¢ that C actually assumes. An optimal classcqpt is one that maximises the expected
reward Po(fer|x): Po(fegelx) = Po(fe|x) for all ¢’ € €. As a common example, if we
let for = Iy, then Po(f|x) = po(c’|x), and this procedure associates the most probable
class with each value x of the attributes.

How can this be generalised to the more general casethat P  isnot alinear prevision?
If the attributes variable X assumes a value x in X, then the available information about
the values of the class variable C is given by the conditional lower prevision P y(:|x). The
discussion in Section 2.10 then tells us that the lower prevision P o(-|x) induces a strict
preference > on the set of classes C by

> & Eo(fc’ = ferlx) > 0.
An optimal class copt is now onethat is undominategi.e., such that for al ¢’ € €:

FO(fCopt - fC’|x) = 0.

15 Thisis, provided that P (€ x {x}) > Ofordl x € X.
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Observethat this reducesto the previously mentioned maximum expected utility condition
Po( feop|X) = Po(fer|x) when P o(-|x) isaprecise, or linear, prevision.

To make this more clear, let us consider a medical domain, where classification is
used to make adiagnosis. In this case, the classes are possible diseases and each attribute
variabl e represents ameasure with random outcome. For example, attribute variablesmight
represent medical tests, or information about the patient, such as age, gender, life style,
etc. We can regard the specific instance of the vector of attribute variables for a patient
as a profile by which we characterise the person under examination. The relationship
between diseases and profiles is given by a joint mass function on the class and the
attribute variables. Thisinducesalinear prevision Py on L(€ x X), according to Section 2.
A diagnosisis then obtained by choosing the most probable disease given, or conditional
on, aprofile.

In the case of a linear, or precise, Po(:|x), if there is more than one optimal class,
al these classes are equivalent, as they have the same expected reward. But as we have
explained in Section 2.10, this is no longer necessarily so for imprecise P o(-|x). Among
the optimal, undominated classes, there may be classes ¢’ and ¢” that are not equivalent but
incomparablethe informationin P 4(-|x) does not allow us to choose between ¢’ and ¢”,
and for all we know, both are possible candidates for the class that the object is assigned
to. Thisimpliesthat if we classify using an imprecise model P 4(-|x), the best we can often
do, isassign a setof possible, optimal classes to an object with attributes x. In our medical
example, agiven profile would then lead to a number of optimal candidate diagnoses, none
of which is considered to be better than (or even as good as) the others. Classifiers that
allow for such set-valued classification are called credal classifier§41].

4.2. Dealing with missing data

Now it may also happen that for a patient some of the attribute variables cannot be
measured, i.e., they are missing, e.g., when for some reason a medical test cannot be done.
In this case the profile is incomplete and we can regard it as the set of all the complete
profiles that are consistent with it. As the above classification procedure needs profiles to
be complete, the problem that we are now facing, is how we should update our confidence
about the possible diseases given a set-profile.

In more general terms, we observe or measure the value a; of some of the attribute
variables Ay, but not al of them. If a measurement is lacking for some attribute variable
Ag, it canin principle assume any valuein A,. This means that we can associate with any
attribute variable A, a so-called observation variable),. Thisisarandom variable taking
valuesin the set

Or = A U {},

whose elements are either the possible values of A, or a new element * which denotes
that the measurement of Ay ismissing.

Attribute variables Ay and their observations Oy, are linked in the following way: with
each possible value a; € Ay of Ay there corresponds the following set of corresponding
possible valuesfor Oy:

I (ay) = {ak, ¥} € O. (10)
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This models that whatever value ay, the attribute variable A, assumes, there is some mech-
anism, called the missing data mechanisttinat either produces the (exact) observation a,
or the observation %, which indicates that avalue for A; is missing. For the attributes vari-
able X we then have that with each possible value x = (ay, . .., a,) there corresponds a set
of corresponding possible values for the observations variabl® = (04, ..., 0,):

I'(x) =T1(a1) x -+ x I(an) € O,

where O =01 x --- x O,. To summarise, we have defined a multi-valued map I : X —
g (0), whose interpretation is the following: if the actual value of the attributes variable X
isx, then dueto thefact that, for some reason or another, measurementsfor some attributes
may be missing, the observations O must belong to " (x).

So, in general, we observe some value o = (o1, ..., 0,) Of the variable O, where oy, is
either the observed value for the kth attribute, or * if a value for this attribute is missing.
In order to perform classification, we therefore need to cal culate a coherent updated lower
prevision P(-|O = o) on L(C). Thisiswhat we now set out to do.

In order to find an appropriate updated lower prevision P(-|o), we need to model the
availableinformation about the relationship between X and 0, i.e., about the missing data
mechanism that produces incomplete observations O from attribute values X.

We have arrived at a special case of the model described in the previous section,
and our so-called missing data mechanism is a particular instance of the incompleteness
mechanism described there. In this special case, it is easy to verify that the genera
CAR assumption, discussed previoudly, reduces to what is known in the literature as
the MAR assumption [25]: the probability that values for certain attributes are missing,
is not affected by the specific values that these attribute variables assume. MAR finds
appropriate justification in some statistical applications, e.g., specia types of survival
analysis. However, there is strongly motivated criticism about the unjustified wide use
of MAR in gtatistics, and there are well-developed methods based on much weaker
assumptions[26].

As in the previous section, we want to refrain from making strong assumptions about
the mechanism that is behind the generation of missing values, apart from what little is
aready implicit in the definition of the multi-valued map I". We have argued before that
theinformationin I, i.e., about the relationship between X and O, can be represented by
the following conditional lower prevision P(-|X) on L(X x O):

P(h|x) =og}j(rl)h(x,0), (1)

for all gamblesh on X x O and al x € X.
We make the following additional irrelevance assumptiotior all gambles f on C,

P(flx,0)=Py(flx) foralxeXandoeI'(x). (MDI)

Assumption (MDI) states that, conditional on the attributes variable X, the observations
variable O isirrelevant to the class, or in other words that the incomplete observations
o € I'(x) can influence our beliefs about the class only indirectly through the value x of
the attributes variable X. We shall discuss this assumption in more detail at the end of this
section.
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Summarising, we now have a coherent lower prevision P, on L(X), a separately
coherent conditional lower prevision P(-|X) on L(X x ), and a separately coherent
conditional lower prevision P(:|X, 0) on L(C x X x O), determined from P o(-|X)
through the irrelevance assumption (MDI).16 We can now apply a generalisation of
Walley's Marginal Extension Theorem (see Theorem A.1 in Appendix A), to find that the
smallest coherent lower prevision P on L(€ x X x O) that hasmarginal P ; and isjointly
coherent with P(-|X) and P(-|X, O), isgiven by

P(h)=Po(P(P(hIX, 0)]X)), (12)
for al gamblesiz on € x X x O.

We can now use regular extension to obtain the conditional lower prevision R(-|O)
on L(C@). It yields the smallest (most conservative) posterior lower prevision that isjointly
coherent with P (and thereforewith P 5, P(-|X) and P (-|X x O)) and satisfies an additional
regularity condition. Heretoo, it leads to the right way to obtain a posterior lower prevision
on the Bayesian sensitivity analysisinterpretation. Again, observethat using natural rather
than regular extension would lead to a completelyacuous posterior on C.

Theorem 5 (Conservative updating rule). Assume that the irrelevance assumpt{MDI)
holds. Leto be any element 0®. Then{o}, = @. If Po({x}) > O for all x € {0}*, then for
any gamblef onC:

R(flo)=_min )Eo(fIX)- (13)

x:o0€el(x
Proof. Consider any x = (as, ..., a,) in X. Since, by Eq. (10), I (ax) = {ak, *}, we find
that I"(x) can never be a singleton, whence indeed
{o}s = {x eX: I'x)= {0}} =0.

In order to calculatethe reguIaLextensi on R(f o), thediscussion in Section 2.8 tellsusthat
we need to know the value of P(C x X x {o}). Taking into account separate coherence, we
find that for al (x, p) inX x O,

P(Cx X x {o}x, p) = P(Iexxx(o) -+ X, P)Ix, p) = Lioy(P) P(€lx, p) = I10)(p),
whence P(€ x X x {o}|X, O) = I|,). Consequently, we find for all x € X that

5D _ _[1 ifoel(x) _ .

P(P(€x X xfo)IX, O)lx) = max L) ={ g g ) = o (0,

whence P(P (€ x X x {0}|X, 0)|X) = I{,}+, and therefore, by Eq. (12),
P(€ x X x {o}) = Po(P(P(€ x X x {0}|X, 0)|X)) = Po(fo}*) > O,

where the last inequality follows from the assumptions. Since P(C x X x {o}) > 0, we can
calculate the regular extension as

R(flo) = max{ﬂ: E(IGXXX{O}[f - M]) P O}

16 Actually, the irrelevance assumption (MDI) does not determine P (-| X, O) completely, but we shall see that
thisis of no consequence for finding the posterior R(-|0).
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Again using separate coherence, we find that for al (x, p) inX x O,

P(Iexxxiolf — wllx, p) = P(Iexxxio) (- X, PILf — ullx, p)
= Ly (D) P(f = plx, p) = Loy (P)[P(f1x, p) — ],
whence P(Iexxxioilf — 11X, 0) = I, [P(f1X, O) — n]. Consequently, we find that
for al x € X, using Eq. (11) and the irrelevance assumption (MDI),
P(P(Iexxxo)lf — 11X, 0)lx)
= min I, P ,p)—um|l= min I, P -
min /(P[P(flx, p) — 1] min 1(P[Po(flx) — ]
_ [min{0, Po(fIx) —p) ifoel(x)
0 otherwise
= Ly (x)y min{ P o(fx) — p, 0},
where we used the fact that {0}, = @. Consequently, P(P(Iexxxo}[f — 111X, 0)|X) =
Iy min{P o(f|X) — p, 0}, and therefore, by Eq. (12),
P(lexxxio)lf — 1l) = Po(P(P(Iexxxol f — 111X, 0)[X))
= Po(I{op-min{ P o(f1X) — 11, 0}),
whence

R(flo) = max{ﬂ: E(IGXXX{O}[f - M]) P O}
=max{w: P oIy Min{P o(f1X) — p,0}) >0}
A course of reasoning similar to the onein the proof of Theorem 4 now tells us that indeed
R(flo) ZXFETI{LT;*BO(fIX)
[replace the gamble f on X in that proof by the gamble P o(f1X)]. O

4.3. The conservative updating rule

Let us now denote by E that part of the attributes variable X that is instantiated, for
which actual values are available. We denoteitsvalue by e. Let R denotethe other part, for
whose components values are missing. We shall denote the set of its possible valuesby R,
and a generic element of that set by r. Observe that for every r € R, the attributes vector
(e, r) isapossible completionof the incomplete observation o = (e, x) (with some abuse
of notation) to a complete attributes vector. Moreover, {o}* = {e} x R. We deduce from
Theorem 5 that the updated lower prevision R(-|e, *) isthen given by

R(fle, )= mijgﬁo(fle, r) (CUR)

for all gambles f on @, providedthat Po({(e, r)}) > Ofor al r € R, which we shall assume
to be the case. We shall call (CUR) the conservative updating rule

We shall discuss the case that P and P (-|X) are imprecise in Section 7. But let us
first, for theremainder of thissection, and in Sections5 and 6, assumethat Py and P o(-|X)
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are precise. Observe that even in this case, the posterior R(-|e, %) isimprecise. How canwe
use this imprecise posterior to perform classification? We shall only discuss the simplest
case: we associate areward function f. = Iy with each class ¢ in €, and we look for those
classes ¢ that are undominated elements of the strict partial order > on C, defined by

/ 4

c >c = E(I{C/} — I{CN}|€, *) >0
min Po(Iry — Iteryle, 7) >0
reR

&
& (YreR)(po(c'le,r) > po(c’le,r))
/
N i po(c’le, r)
reR po(c’le,r)
where we have used (CUR), and where po(-|e, r) denotes the mass function of Po(-le, ).

Sinceforal r in R, itisalso assumed that po(e, r) > 0, we can apply Bayes ruleto rewrite
thisas

> 1, (14)

/ 4

/

¢ >c & minM

reR po(c”,e,r)

Eq. (14) isinteresting: it tellsus that ¢’ > ¢” if ¢/ is strictly preferred to ¢” under all the

possible completions (e, r) of the observed data (e, ), i.e., if the strict preferenceis robust

under al these possible completions.

Classification is then done by assigning an object with observed attributes (e, %) to

the setof optimal, undominated classes for the strict preference >. Among these optimal
classes, there may be classes ¢’ and ¢” that are equivalent:

(Vr € R)(po(c’le, r) = po(c”le,r)),

i.e., that are equally probable under all possible completions (e, r) of (e, *). Otherwise
they are incomparable, which meansthat po(c’|e, r1) > po(c”|e, r1) for some completion
(e, r1) and po(c’le, r2) < po(c”|e, r2) for another completion (e, r2), where one of these
inequalities will be strict. For such incomparable classes, the fact that observations are
missing is responsible for our inability to make a choice between them.

In the case of the earlier medical example, e denotesthe part of the profile that is known
for a patient and the same incomplete profile can be regarded as the set {(e, r)|r € R} of
complete profiles that are consistent with it. The conservative updating rule tells us that
in order to update our beliefs on the possible diseases given the incomplete profile, we
have to consider all the complete profiles consistent with it, which leads us to lower and
upper probabilities and previsions. As we explained above, this will generaly give rise
only to partial classifications. That is, in general we shall only be able to exclude some
of the possible diseases given the evidence. This maylead to the identification of asingle
disease, but only when the conditionsjustify precision.

The conservative updating rule is a significant result: it provides us with the correct
updating ruleto use with an unknown incompl eteness mechanism; and it shows that robust,
conservative inference can be achieved by relying only on the original prior model of
domain uncertainty.

It also is a conceptually simple rule, as it involves taking all the possible completions
of the missing attributes. It is not, therefore, very surprising that the use of analogous

> 1. (15)
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procedures has already been advocated in the context of robust statistical inference (seefor
instance [26,31,40]). These focus on the problem of learninga model from an incomplete
sample, which is then simply regarded as the set of all the complete samples that are
consistent with it. But we are not aware of anyone proposing (and justifying) the same
intuitive principle for updating beliefs when observations are incomplete. Perhaps the
reluctance to change firmly entrenched beliefs about the more traditional naive updating
has played arole in this. In contradistinction with the previous work on learning models,
we are indeed proposing a new (coherent) rule for updating beliefs

4.4. Some comments on the irrelevance assumption

Let us end this section with a discussion of the irrelevance assumption (MDI), but
placed in a context more general than classification. (Additional technical comments on
Assumption (MDI) inthe casethat P o and P o(-|X) are precise, are givenin Appendix B.)

Assume that we are studying the relation between observationsX and conclusionC,
in the sense that observing the value x of X in X changes our beliefs about which value
C assumes in C. Due to some reason, we cannot observe the value of X, but there is an
incompl eteness mechanism that produces an incomplete version O of X. In this genera
context, Assumption (MDI) tells us that if we have a precise observation X = x, then
the additional knowledge of what incomplete observation O = o is generated by x, will
not affect our beliefs about the conclusion C. In other words, if we know the value of
the precise observation, then knowing what incomplete observation it produces, becomes
completely superfluous. This can be easily reformulated in the more specific context of
classification discussed above: if we know the value of all the attributes, then knowing that
some of the attributes fail to be measured will be irrelevant to the classification.

We fed that this is precisely what characterises problems of missing data, or of
incomplete observations: when something that can be missing is actually measured, the
problem of missing data disappears. Let us consider the opposite case, where the bare
fact that an attribute is not measured is directly relevant to predicting the class. This fact
should then become part of the classification model by making a new attribute out of it,
and treating it accordingly, so that this should not be regarded as a problem of missing
information. Stated differently, once the model properly includes al the factors that are
relevant to predicting the class, (MDI) follows naturally.

Regarding the relationship between assumption CAR/MAR and our irrelevance as-
sumption (MDI), it is not difficult to prove that if the former is satisfied (even in the case
of an imprecise prior discussed in Theorem 2) then the latter holds automatically. Thisis
not surprising as the CAR/MAR assumption identifies a subset of a much larger class of
incomplete observation (and missing data) problems, which are characterised in general
by (MDI). Note, however, that although one implies the other, they do refer to different
things. In the context of classification, MAR states that any incomplete observation o is
equally likely to have been produced by all the attribute vectors x that may produce it,
i.e., there is no compatible attribute vector x that yields observation o with a higher prob-
ability p(o|x) than any other compatible attribute vector. MAR therefore says something
about the mechanism that produces observations o from attribute vectors x, i.e., about the
the missing data mechanisitself. Our irrelevance condition (MDI), on the other hand,
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states that if we know the attribute vector precisely, then knowing in addition what obser-
vation o is produced will not affect the classification. In other words, we assume that the
classification only depends on the attributes, and not on the missing data mechanism

CAR/MAR is much stronger than our irrelevance assumption, but it is worth pointing
out that there are cases where making the MAR assumption is completely justified, and
where, consequently, our approach leads to results that are much too weak. We give one
notable example: the case of an attribute that we know is always missing. In this case the
missing data mechanism clearly satisfiesthe MAR assumption: the probability of outcome
* IS one, irrespective of the actual value of the attribute. MAR then tells us that we can
discard this attribute variable, or ‘marginalise it out’, as is the usua practice. We should
therefore not apply the conservative updating rule. We advocate using our rule only when
nothing is known about the incompleteness mechanism, and this clearly is not the case
here.

It may useful to extend the discussion to statistical inference, even if, strictly speaking,
this goes beyond the scope of our present work. In particular, it is well-known (see
for instance [26, Proposition 2.1]) that the CAR/MAR assumption cannot be tested
statistically, in the sense that we cannot use incomplete observations to check whether
it is reasonable. It does not seem to be possible to test Assumption (MDI) either, for
essentialy the same reasons. To understand this, let us, for the sake of simplicity, look
at the case of precise probabilities: it should be tested whether or not p(c|x, 0) = p(c|x)
for al classes ¢ (with obvious notations). The problem is that the precise observation x
is aways hidden to us; we can only see the incomplete observation o. So in a statistical
inference setting only p(c, 0) and not p(c, x, o) would be accessible via the data, and we
would not be able to perform the test. Therefore, there appears to exist a fundamental
limitation of statistical inference in the presence of missing data: the actually observed
data seem not to alow us to test our assumptions about the missing data mechanism,
but nevertheless our inferences rely heavily on the specific assumptions that we make
about it! This is one of the reasons why we are advocating that only those assumptions
should be imposed that are weak enough to be tenable. On our view, (MDI) is a good
candidate.

5. Classification in expert systemswith Bayesian networ ks

One popular way of doing classification in complex real-world domains involves using
Bayesian networksThese are precise probabilistic models defined by a directed acyclic
graph and a collection of conditional mass functions[29].

A generic node Z in the graph is identified with a random variable taking valuesin a
finiteset Z (weuse‘node’ and ‘variable’ interchangeably, and we reserve the same symbol
for both). Each variable Z holds a collection of conditional mass functions pg "z onefor
each possible joint value 7tz of its direct predecessor nodes (or parentg I7z. The generic
conditional mass function pé'”z assigns the probability Po({z}|z) = po(z|mz) to avaue
z € Z (we drop the superscript when we refer to actual probabilities).
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(V)isit to Asia w

(T )uberculosis Lung (C)ancer Bronc(H )itis

Fig. 2. The‘Asia Bayesian network.

Table 2
Asia example: probabilities for each variable (first column) in the graph conditiona on the values of the parent
variables

V=v 0.01
S=ys 0.5
v/ v//
T=t 0.05 0.01
S/ S//
c=¢ 0.1 0.01
S/ S//
H=W 0.6 0.3
l,/C/ l,/C// t//c/ t//C//
L= 0.98 0.98 0.98 0.05
I/C//’l/ I/C//’l// t/C//h/ t/C//h// I//C/h/ t//c/h// I//C//l’l/ t//c//h//
D=d 0.9 0.7 0.9 0.7 0.9 0.7 0.8 0.1

Fig. 2 displays the well-known example of Bayesian network called ‘Asia .’ This
models an artificial medical problem by means of cause-effect relationships between
random variables, e.g., S — C (each variable is denoted for short by the related letter
between parentheses in Fig. 2). The variables are binary and for any given variable, for
instance V, its two possible values are denoted by v’ and v”, for the values ‘yes and ‘no’,
respectively. The conditional probabilities for the variables of the model are reported in
Table 2.

Bayesian nets satisfy the Markov conditionevery variableis stochastically independent
of its non-descendant non-parents given its parents. Let us consider a generic Bayesian
network with nodes C, A1, ..., A, (for consistency with the notation in Section 4). From
the Markov condition, it followsthat the joint mass function pg is given by

po(c, a1, ..., an) = po(clme) [ [ potailma,) ¥ a1, ...,a,) € € x X, (16)
i=1

17 The network presented here is equivalent to the traditional one, although it is missing alogical OR node.
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where the values of the parent variables are those consistent with (¢, as ..., a,). Hence, a
Bayesian network is equivalent to ajoint mass function over the variables of the graph. We
assume that such a joint mass function assigns positive probability to any event.

Bayesian nets play an important role in the design of expert systems. In this case,
domain experts are supposed to provide both the qualitative graphical structure and the
numerical valuesfor the probabilities, thusimplicitly defining an overall model of the prior
uncertainty for the domain of interest. Users can then query the expert system for updating
the margina prior probability of C to a posterior probability according to the available
evidence E = ¢, i.e., aset of nodes with known values. In the Asia net, one might ask for
the updated probability of lung cancer (C = ¢’), given that a patient is a smoker (S = s’)
and has abnormal X-rays (L = '), aiming ultimately at making the proper diagnosisfor the
patient. This kind of updating is very useful asit enables users to do classification, along
the lines given in Section 4.

5.1. On updating mbabilities with Bayesian networks

Updating the uncertainty for the class variable in a Bayesian net is subject to the
considerations concerning incomplete observationsin the preceding sections, as generally
the evidence set E will not contain all the attributes. To address this problem, one can
assume that MAR holds and correspondingly use the naive updating rule to get the
posterior po(cl{e} x R), but we have aready pointed out that this approach is likely
to be problematical in real applications. Nevertheless, assuming MAR seems to be the
most popular choice with Bayesian nets and the literature presents plenty of algorithmic
devel opments dealing with this case.

Peot and Shachter [30] are anotable exception. In their paper, they explicitly report that
“the current practice for modelling missing observations in interactive Bayesian expert
systems is incorrect”. They show this by focusing on the medical domain where there
exists a systematic (i.e., non-MAR) incompleteness mechanism originated by the user of
the expert system and also by the patient himself. Indeed, there is a bias in reporting, and
asking for, symptoms that are present instead of symptoms that are absent; and a bias
to report, and ask for, urgent symptoms over the others. Peot and Shachter tackle this
problem by proposing a model of the incompleteness mechanism for the specific situation
under study. Explicitly modelling the missing data mechanism is in fact another way to
cope with the problem of incomplete observations, perhaps involving the same Bayesian
net. The net would then also comprise the nodes Oy, k = 1, ..., n, for the incomplete
observations, and the posterior probability of interest would become p(c|o). Unfortunately,
this approach presents serious practical difficulties. Modelling the mechanism can be as
complex as modelling the prior uncertainty. Furthermore, it can be argued that in contrast
with domain knowledge (e.g., medical knowledge), the way information can be accessed
depends on the particular environment where a system will be used; and this means that
models of the missing data mechanism will probably not be re-usable, and therefore costly.

These considerations support adopting a robust approach that can be effectively
implemented, like the one we proposed in Section 4. It is aso useful to stress that our
approach has quite general applicability. The conservative updating rule, for example, is
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perfectly suited to addressing Peot and Shachter’s problem, as the biases they deal with are
easily shown to satisfy the irrelevance condition (MDI).

We next devel op an algorithm that exploits (CUR) to perform reliabl e classification with
Bayesian networks.

6. An algorithm to classify incomplete evidence with Bayesian networks

In this section we develop an agorithm to perform classification with Bayesian
networks by using the conservative updating rule (CUR). As discussed in Section 2.10
and later at the end of Section 4, it isimportant to realise first that conservative updating
will not always allow two classes to be compared, i.e., (CUR) generally produces only a
partial order on the classes.

As a consequence, the classification procedure consists in comparing each pair of
classes by strict preference (which we shall also call credal dominancgn accordance with
[41]) and in discarding the dominated ones. The system will then output a set of possible
optimal classes. In the following we address the issue of efficient computation of the credal
dominancetest. Let ¢’ and ¢’ betwo classesin €. We shall use Eq. (15) to test whether ¢’
credal-dominates ¢”.

Let 7' and 7" denote values of the parent variables consistent with the completions
(c’,e,r)and (", e, r), respectively. If anode's parents do not contain C, let = denote the
value of the parent variables consistent with (e, r). With some abuse of notation, we shall
treat the vector R of those attributes for which measurements are missing, in the following
as a set. Furthermore, without loss of generality, let A1, ..., A, m < n, be the children
(i.e., the direct successor nodes) of C, and K = {1,...,m}. We shall denote C in the
following also as Ag. Foreachi =0, ..., m, let 1‘[2: = I4, U{A;}. Consider the functions
ba; X, AjerTfOR Aj—R*T (i=0,...,m), with values equal to po(ailﬂ;\i)/po(ailﬂ;{i)

fori € K, and equal to po(c’|m¢)/ po(c”’|me) for i = 0. We use the symbol i to denotethe
minimaof the ¢-functions, in the following way:

po(c’lmc)

KA = min , (17)
ajeA;, po(c’|mc)
AjellfNR
polailml)
pa = mn — 2 K. (18)
ajeA;,  polailmy,)
AjEIT} NR

Consider the Markov blankebf C, that is, the set of nodes consisting of the parents of C,
its children, and the parents of the children of C. Denote by B the union of C with its
Markov blanket. We shall refer to B both as a set of nodes and as a subgraph, depending
onthe context. Initially we focus on networksfor which B issingly connected (the overall
network can still be multiply connected). We have the following result.

Theorem 6. Consider a Bayesian network with nod€s A4, ..., A,, for which BT is
singly connected. Let, ¢” € €. Thenc’ credal-dominates” if and only if [ /g 14, > 1.
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Proof. Rewrite the minimum in Eqg. (15) asfollows:

min po(c’,e,r) n|:p0(C/|7Tc) 1—[ po(ailm)) l_[ po(aj|7rAj)}
re® po(c”,e.r)  reR| po(c’|mc) ;i polailmy) jex P0(@jlma;)

R [po(c’mc)l_[po(ailngi)}

po(c”|me) o polailmy)

19
ajeA;, 19
A_,' eBtNR

This shows that the variables that do not belong to B™ can be discarded in order to test
credal dominance. Now recall that every function ¢4, [that is, every ratio in Eq. (19)]
depends only on the variablesin H+ N R. Given that B is singly connected, we have

that only ¢4, depends on the varlablec in 17+ N R. Let us show the last statement by
contradiction, by assuming that another functl on ¢4, (ke€{0,...,m}\ {i}) dependson a
variable in H+ N R. There are two cases, either the variable in H+ NRIiSA; oritisa
parent of A;, &ay U.

In the first case, neither A; nor A, coincide with the class variable C: A; does not
coincide with C because no ¢-function dependson C; in order for ¢4, to depend on A;,
A; must be aparent of Ag, SO A; isnot achild of Az, whence A cannot coincide with C.
But A; being a parent of A; would create the undirected loop C—A;—A;—C, making B
multiply connected. This caseisimpossible.

Consider now the second case when ¢4, dependson U. Inthiscase U must be a parent
of Ay, besides being a parent of A;. Note that U does not coincide with C because no
¢-function depends on C. As before, these conditions imply that B should be multiply
connected. In the case that A, coincides with C, the loop is U-C—-A;—U. If C coincides
with A;, the loop is U-C—Ax—U. When neither A; nor A; coincide with C, the loop is
U-A;—C—-A;-U. In every case we have a contradiction.

Since the variables in ITr N R appear only in the argument of ¢,4,, they can be
minimised out locally to A;, obta| ning 14, . (Observethat 1 4, isanumber because only the
variablesin 1‘[+[_ N R areintheargument of ¢4,.) Thenthethesisfollowsimmediately. O

Theorem 6 renders the solution of the credal-dominance test very easy when B™ is
singly connected,'® with overall computational complexity linear in the size of the input,
i.e., BT (more precisely, the input is the Bayesian network restricted to B). It isuseful to
emphasise that the theorem works also for networks in which B+ is multiply connected,
provided that the evidence E = ¢ makes B+ become singly connected. Indeed it is well
known with Bayesian networks that the arcs leaving evidence nodes can be removed while
preserving the value po(cle) (c € @) represented by the network. This result extends to
credal dominance because it is computed by min,.c[po(c’|e, )/ po(c” e, r)] and because
polcle, r) is preserved by dropping the arcsleaving E, foreachc € Cand r € R.

Now we moveto the casethat B* ismultiply connected, and show how the ideas behind
the traditional way of dealing with multiply connected networks, called conditioning can

18 This corrects the invalid claim, made in an earlier version of this paper [6], that the complexity is linear for
all networks.
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be applied here as well. Conditioning [29] works by instantiating a subset of nodes called
the loop cutsetThe removal of the arcs leaving the loop cutset creates a singly connected
net. The computation isthen carried out on the singly connected net as many times as there
are joint states of the variables in the cutset, and the results are eventually summarised to
obtain the result related to the multiply connected net.

With credal dominance, the situation is analogous. We assume that the arcs leaving
evidence nodes in BT have been removed, and that a loop cutset is given that opens the
remaining loops (recall that, according to the above observation, the loops are opened by
the cutset also where credal dominance is concerned). Call R1 the loop cutset, and let R»
be the set of nodes such that R = R1 U R». Rewrite the test of credal dominance as

/
. . olc |e,r1, 12
min | min M .
rlele rzefRz po(c”|e,r1,r2)

Theinner minimisation is computed by Theorem 6 on the graph B™ made singly connected
by dropping the arcs leaving E U R;. The outer minimisation is a simple enumeration of
the states of the loop cutset, which takes exponential timein general.

From the viewpoint of worst-case computation complexity, the situation issimilar to the
computation of the updating. However, the computation of credal dominancewill be easier
in the cases where B™ does not coincide with the entire network. Furthermore, since B
can be singly connected even when the network is multiply connected, the computation
will belinear also on some multiply connected nets.

6.1. An example

Let us consider the Asia net, where we choose C as the class and set the evidence to
L =1"and S =s'. We want to test whether ¢’ credal-dominatesc”.

Dropping the arcs leaving S, we obtain anew network inwhich B* is{C, L, D, T, H}.
BT is multiply connected, and we select {T'} as loop cutset. We start by considering the
case T =t'. We must compute up, ., and uc. We have:

po(d|t’,c’, h) _minl 08 07 01 03
0.9°07°01°0.3

HD= cDneac podit, e by -

pol'|lt’, ¢y 0.98
uL=———~=——=1,
pol'|lt’,c") 0.98
_polclsh 01 1
€= po(c’|s) 09 9
and their product is1/9. Inthecase T =", we obtain the following val ues,

podlt’ ) _ L (09 0.7 01 03] 1
0.8°01’02°09) 3

]

#o zdeD,heJ{ po(d|t”,c”, h) B

_ pol'lt’,c) 0.98 98

L= oo, ¢y — 005 5’
_ polsh _ 01

€= po(c’|s) 09 9
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with product equal to 98/135 ~ 0.726. The minimum of the products obtained with the
two valuesfor T isjust 1/9, so that ¢” is undominated.

Testing whether ¢” credal-dominates ¢’ is very similar and leads to 45/686 as the value
of the test, so ¢’ is undominated as well. In this situation, the system suspends judgement,
i.e., it outputs both the classes, as there is not enough information to allow us to choose
between the two. This can be seen also by computing the posterior interval of probability
for ¢’ by the conservative updating rule, which leads to [0.1, 0.934]. The width of this
interval quantifies the mentioned lack of information. All of this should be contrasted with
naive updating, which produces po(c’|l’, s") >~ 0.646, and leads us to diagnose cancer.

It is useful to better analyse the reasons for the indeterminate output of the proposed
system. Given our assumptions, the system cannot exclude that the available evidence is
part of a more complete piece of evidence where T =+t', D =d’, and H = h'. If this
were the case, then ¢” would be nine times as probable a posteriorias ¢’, and we should
diagnose no cancer. However, the system cannot exclude either that the more complete
evidencewould be T =+t”, D =d’, and H = I”. In this case, the ratio of the posterior
probability of ¢’ to that of ¢’ would be 686,45, leading us to the opposite diagnosis.

Of course when the evidence is strong enough, the proposed system does produce
determinate conclusions. For instance, the evidence L =1, S =’ and T = ¢’ will make
the system exclude the presence of cancer.

7. Working with credal networks

Credal networks provide a convenient way of specifying prior knowledge using the
theory of coherent lower previsions. They extend the formalism of Bayesian networks by
alowing sets of mass functions[2,11], or equivalently, sets of linear previsions. These are
also called credal setsfter Levi [24]. Werecall that acredal set is equivalent to a coherent
lower prevision, as pointed out in Section 2.3.

A credal networkis a pair composed of a directed acyclic graph and a collection of
conditional credal sets™ (i.e., a collection of conditional lower previsions). We intend the
graph to code strong independences. Two variables Z1 and Z, are said to be strongly
independentvhen every vertex in the credal set of joint mass functions for (Z1, Z5),
satisfies stochastic independence of Z1 and Z5. That is, for every extreme mass function
p in the creda set, and for al the possible pairs (z1,z2) € Z1 x Zp, it holds that
p(z1]z2) = p(z1) and p(z2]z1) = p(z2).%° Each variable Z in the net holds a collection

of conditional lower previsions, denoted by P g '”Z, onefor each possiblejoint value 7 of

the node Z's parents IT;. With some abuse of notation,2! let M( P ;'"*) be the credal set

of mass functionsfor the linear previsions dominati ngﬂg‘”z. pgl”z € M(gg‘”z) assigns

19 |n this context, asin [2], werestrict ourselves to credal sets with a finite number of extreme points.

20 seedso [28] for a complete account of different strong independence concepts and [3] for a deep analysis
of strong independence.

21 |n preceding sections, the symbol M was used to denote the dominating set of linear previsions. We use
the same symbol here as there is one-to-one correspondence between linear previsions and mass functions (see
Section 2.3).
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the probability po(z|z) to avaue z € Z. In the following we assume that each of these
mass functions assigns positive probability to any event. Given the equivalence between
lower probability functions and credal sets, we can regard each node of the net to hold
a collection of conditional, so-called local, credal sets. Actualy, the usual approach of
specifying the conditional lower previsions for the nodes precisely amounts to providing
thelocal credal sets directly. Thisis commonly done by separately specifyinthese credal
sets[12,37], something that we al so assume here: thisimpliesthat selecting amassfunction
from a credal set does not influence the possible choices in others. This assumption is
natural within a Bayesian sensitivity analysisinterpretation of credal nets.

Credal nets satisfy a generalised version of the Markov condition called the strong
Markov condition each variableis strongly independent of its non-descendant non-parents
given its parents. This leads immediately to the definition of the strong extensiofi3] of a
credal net. Thisisthe most conservative lower prevision P o on £(€C x X) that coherently
extends the nodes' conditional lower previsions, subject to the strong Markov condition.
L et the nodes of the network be C (i.e., Ag), A1, ..., A,, asbefore. It iswell known that
the credal set equivalentto P is

M( P o) = CH{po factorising asin Eq. (16): pg’m" € M(Egiln*‘i),
i=0,...,n}, (20)

where CH denotes the convex hull operation. In other words, M( P ) is the convex hull
of the set of al the joint mass functions that factorise according to Eg. (16), obtained by
selecting conditional mass functionsfrom the local credal sets of the net in all the possible
ways. The strong extension is an imprecise prior defined by means of the composition of
local information. From yet another viewpoint, the credal set M( P ) makes a Bayesian
sengitivity analysis interpretation of credal nets very natural: working with a credal net
can equivalently be regarded as working simultaneously with the set of all Bayesian nets
consistent with M( P ).

The credal set M( P ) can have a huge number of extreme mass functions. Indeed,
the computation of lower and upper probabilities with strong extensions is NP-hard
[12]%? also when the graph is a polytree. Polytrees are directed acyclic graphs with the
characteristic that forgetting the direction of arcs, the resulting graph has no undirected
cycles. Thisshould be contrasted with Bayesian networksfor which common computations
take polynomial time with polytrees. Indeed, the difficulty of computation with credal nets
has severely limited their use so far, even though credal nets have the great advantage over
Bayesian nets of not requiring the model probabilities to be specified precisely. Thisis a
key point for faithfully modelling human knowledge, which also allows expert systems to
be developed quickly.

Inthefollowing we extend Theorem 6 to credal nets, showing that conservative updating
alows classification with credal nets to be realised with the same complexity needed for

22 However, it should be observed that Ferreira da Rocha and Cozman's result is proved for the subset of
polytrees in which the local creda sets are convex hulls of degenerate mass functions that assign al the mass
to one elementary event. As such, it does not tell us anything about the complexity of working with the case of
polytrees whose credal sets are made up of mass functions that assign positive probability to any event.
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Bayesian nets. This appears to be an important result, with implications for the practical
usability of credal netsin modelling knowledge.

Below we reuse the definition HX[_ given in Section 6, we again denote by BT the
union of C with its Markov blanket, and we refer to C also by Ag. Consider the following
quantities:

Clne , po(c’|me)
Pox = argmlnpgmc ent(pEe 7p0(€”|n’c)’ (21)

and, foreachi € K,

Polailmy) = L po(ailmy), (22)
po TeM(Py M)

polai|m)y.) = , max. polailmy,), (23)
Ail”Ai A,‘lﬂA,

Py EM(Py )
aswell asthefunctions¢ , : x ;. AjenXimRAj — RT (i =0,...,m), with valuesequal to

plailmy )/ plailr)y) fori € K, and equal to po.(c’|wc)/ pos(c”|mc) for i = 0. We use the
symbol p to denote the minima of the ¢-functions, as follows:

u = pox(c'Imc) (24)
—Ao ajeA;,  pox(c’|mc)’
AjellfNR
- polailmy)
i, = min =0 AL ek (25)
—A A, polailmy)
AjEIT NR

We have the following result.

Theorem 7. Consider a credal net with nodes, A1, ..., A,, for which BT is singly
connected. Let', ¢” € €. Thenc’ credal-dominates” if and only if [ [ o p , > 1.

Proof. A credal net can equivalently be regarded as a set of Bayesian nets, as is apparent
from Eq. (20). Accordingly, for credal dominance to hold with acredal net, it is necessary
that it holds for all the joint mass functions consistent with the strong extension. This can
be tested by solving the following double minimisation problem:

/
min  min2o-en) (26)
POGM(E()) reR PO(C”, e, r)

min min min
C C ! ! . .
I B S SR htrA
P LA

Aklﬂx
ML, h,

keK

[PO(C/IHC) I PO(ai|7Tz/4i)i|
po(c"lmc) L4 polailmy)

A n"
k‘”Ak
Po €

(27)
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= min M}

ajeA;, { SrCem(pgc [PO(C”IJTC)
AjeBnR W0 (Po ™)

LeM(P
Xl_[ Po eEM(P, )

. 1
ick M Al Al polailmy,)
Po EM(L, )
[PO*(C/WC) 1—[ B(ai|7[,/4i):|

poi(c"lme) ¢ plailmy,)

min Al Ai|ngi PO(ai|7f,/4i) }
(28)

= min
ajeflj,
AjeBTNR

(29)
iekK

where the passage from (26) to (27) is due to (19) and (20);23 and the following passage
is possible thanks to the characteristic of separate specification of credal sets in the credal
network. Note that expression (29) resembles expression (19) of Theorem 6. In fact, the
proof of Theorem 6 below expression (28) applies here as well: ¢ A depends only on

the variables in H:{i N R and only ¢, depends on them. As in Theorem 6, the thesis

follows immediately since the variablesin H:{l, N R can then be minimised out locally to
A;, obtainingﬁA‘. O

Theorem 7 renders the solution of the credal dominance test for credal networks
very easy when B is singly connected. However, in order to have a better idea of
the computational complexity, one has to carefully examine the complexity of solving
problems (21)—(23). Thisis what we set out to do in the following.

Let again Z be a generic variable in the network. We consider three common ways of
specifying the local credal sets of the net.

1. In the first case, the conditional®* credal set M(gg‘”z) for the variable Z is
specified via linear constraints on the probabilities po(z|7z), z € Z. That is, in this
representation the vector of probabilities po(z|7z), z € Z, can take every value in a
closed and bounded space described by linear constraints on the variables po(z|wz),
i.e, inapolytope

2. In the second case, we assume that M(ﬁé'”z) is the convex hull of a set of mass
functions directly provided by the modeller.

3. Finally, we consider the case when M( P g Imz ) is provided by specifying intervals of
probability for the elementary events (z|rz), z € Z. Thisis a special case of case 1
where the only constraints allowed on the probabilities po(z|z) are bounds, except
for Y .o po(zlmz) = 1. Without loss of generality, we assume that the probability

intervals are reachable[4]. This holds if and only if M(Eg‘”z) is non-empty and
the intervals are tight, i.e., for each lower and upper bound there is a mass function

3 Actually, the passage is aso based on the fact that the minimum of (26) is achieved at an extreme point of
M(P ). Thisis well-known with credal networks and is pointed out formally by Theorems 5 and 7 in reference
[11].

24 The situation with root nodes is analogous.
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inM(P, |”Z) at which the bound is attained. Reachable intervals produce a coherent
lower prevision ﬁg‘”z that is 2-monotond4]. For 2-monotone lower previsions it
holds that, given any two mutually exclusive events 2/, 2" C Z, there is a mass
function pg,™ € M(P §"%) for which p (2'|7z) = poy (Z'|mz) and po(2|rz) =
po+(Z"|mz). We shall use this property in the following.

Observe that the representationsin cases 1 and 2 are fully general as any credal set can be
represented by one or by the other. In the following we consider that all the local credal set
of the net are specified either asin case 1 or 2 or 3. We do not consider mixed cases, which
should be easy to work out once the ‘pure’ cases have been addressed.

Let us now focus on the complexity of testing credal dominance in case 1. Let S
be the size of the largest local credal set in the network. The size is defined as the
dimension of the constraints-variablesmatrix that describesthelinear domain. Let O(L(S))
be the complexity to solve a linear minimisation problem of size S. Note that this is a
polynomial-time complexity [19]. We have that each minimisation in Egs. (22)—(23) takes
time O(L(S)) at most. Thisholds aso for the minimisation in (21) which can be converted
to alinear minimisation problem by aresult from Charnes and Cooper [1]. Note that each
of the mentioned minimisations must be repeated for al the joint states of the variablesin
H:{l, N R, whose number is upper bounded by the states of thosein I7,4,. Denoting by H the
worst-case number of states of the variablesin /7,4, obtained by letting i vary from O to m,
we have that the overall computational complexity for problems (22)—(23) is O(H - L(S))
at most. We can regard this part as a pre-processing step of the test of credal dominance.
Once the pre-processing is over, the set of minimisations in Eqs. (24)—25) takes linear
timein the size of B™ asin the case of Bayesian networks.

Case 2 presents a lower overall complexity for testing credal dominance. In fact, the
minimisations in Egs. (21)—23) can be solved ssimply by enumerating the mass functions
that make up each credal set. These mass functions are specified directly by the modeller,
i.e., they are an input of the problem. For this reason the overall complexity of testing
credal dominanceislinear in the size of B™.

The final case of probability intervalsis aso easily solved. With respect to Egs. (22)—
(23), p (a,|7r A;) and po(a;|m} ) ae just the left and the right extreme of the probability
mtervals for (a;|7, A;) and (a; |7r D respectively, so no computation is needed for them.
Asfar as Eq. (21) is concerned, we have that the minimum of po(c’|me)/ po(c”|me) taken
with respect to the mass functionsin M(PC'”C) isegual to Py (c'|me)/po(c”|mc) by the
property mentioned at the end of case 3. Again, Py (c'|me) and po(c’|me) are readily
available as an input of the problem. Overall, the complexny of testing credal dominance
islinear inthe size of B™ in this case aswell.

So far we have treated the case when BT is singly connected. The extension to the
general case is completely analogous to that already developed for Bayesian networks,
basically because the arcs leaving evidence nodes can be dropped in credal networks,
too. The reason is that a credal net can be regarded as a set of Bayesian nets, and the
mentioned property appliesto all the Bayesian nets in the set. More precisely, assume, as
in the description at the end of Section 6, that aloop cutset is given that together with E
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can open al theloopsin B*. Call Ry the loop cutset, and let R, be the set of nodes such
that R = R1 U Ry. Re-writethetest of credal dominance for credal networks as

/
. . cle,r
PoeM(P ) reR po(c”le, r)

: . . cle,r1,r
= min { min [ min M“ (30)
POEM(P ) | rieR1| r2eR2 po(c”le, r1, r2)
) . . cle,r1,r
= min { min [mm M“ (3D
r1€Ry | poeM(P )| r2€Ra po(c”le, r1,72)

Eq. (30) makesit clear that for each selected mass function pg € M( P ), the minimum
in square brackets can be obtained on the graph B that is made singly connected by
dropping the arcs leaving E U R1. Of course this property continues to hold in the next
expression. When we consider the part in bracesin (31), that is, also the variations of po,
we are focusing on the singly connected credal net, with graph BT, obtained from the
multiply connected one dropping the arcs leaving E U R1. Hence, expression (31) shows
that the inner double minimisation can be computed by Theorem 7. The outer minimisation
isthe usual enumeration of the states of the loop cutset.

It turns out that the complexity of testing credal dominance when B* is multiply
connected is the same both for credal and Bayesian networks. Thisis an important result,
as the complexity to work with credal networks is usually much harder than that needed
with Bayesian nets.

8. Conclusions

It seems to us that updating probabilities with incomplete observations presents an
important problem for research in uncertain reasoning, and is a pervasive issue in
applications. It has been clearly pointed out in the literature that the commonly used
CAR assumption about the incompleteness mechanism is often unjustified, and more
generaly, that it may happen in practical applications that little or no knowledge about
the incompleteness mechanism is available. In those cases, naive updating is simply
inappropriate.

This paper has addressed the problem of updating probabilities when strong assump-
tions about the incompleteness mechanism cannot be justified, thus filling an important
gap in literature. It has done so by deliberately choosing the conservative point of view
of not assuming any knowledge about the incompleteness mechanism. A new so-called
conservative updating method follows as a logical consegquence, using only arguments of
coherence. We used it to derive a new coherent updating rule for probabilistic expert sys-
tems. By focusing on expert systems based on Bayesian nets, we have shown that this
conservative updating leads to efficient classification of new evidence for a wide class
of networks, so the new developments can be exploited immediately in real environments.
Furthermore, the related algorithm can be implemented easily and does not require changes
in pre-existing knowledge bases, so that existing expert systems can be upgraded to make
our robust, conservative, inferences with minimal changes.
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We want to stress here that the proposed conservative updating strategy is different in
one important respect from the more traditional ones: it generally leads only to partially
determined inferences and decisions, and ultimately to systems that can recognise the
limits of their knowledge, and suspend judgement when these limits are reached. As
necessary consequences of our refusal to make unwarranted assumptions, we believe
that these limitations are important characteristics of the way systems ought to operate
in the real world. A system that, in a certain state, cannot support any decision on the
basis of its knowledge base, will induce a user to look for further sources of information
external to the system. In contrast, systems that may make arbitrary choices without
making that evident, will wrongly lead a user to think that also these choices are well
motivated.

We aso believe it is important to stress here that it is difficult to avoid partia
indeterminacy in real applications. Realistic states of partial knowledge about the
incompleteness mechanism, other than the total ignorance modelled here, should in
principle also be modelled by a (non-vacuous) coherent lower prevision, which may again
lead to indeterminacy except in very specia cases, such as when enough information
is available to justify modelling the incompleteness mechanism by a precise probability
model. For analogous reasons, domain knowledge should most likely be modelled by a
coherent lower prevision, too. In practise this can be done by moving from Bayesian
to credal networks. It appears that this step has not really been taken so far, probably
because of the computational complexity of working in the more general framework
of credal networks. This paper shows that the classification complexity is unchanged
by moving from Bayesian to creda networks, in the realistic scenarios that involve a
state of ignorance about the incompleteness mechanism. We hope that this encouraging
result may contribute to credal networks receiving due credit also as practical modelling
tools.

With respect to future research, we believe an important issue is the development
of models able to take advantage of intermediate states of knowledge about the
incompleteness mechanism, to the extent of making stronger inferences and decisions.
With regard to Bayesian and credal nets, one could for instance think of partitioning the
set of attributes in those for which MAR holds and the rest for which the mechanism is
unknown. Such hybrid modelling seemsto provide agood compromise between generality
and flexibility.
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Appendix A. Extending Walley’sMarginal Extension Theorem

This appendix is devoted to the proof of an important theorem, needed in Section 4.
It is ageneralisation to three random variables of Walley’s Marginal Extension Theorem,
discussed in Section 2.9 (see Theorem 1). Because the proof is rather technical, and it uses
results and notions not explained in the main text, we have decided to discussit separately.

We consider three random variables X, Y and Z taking values in the respective non-
empty and finite spaces X, Y and Z.

Theorem A.1l. Consider a coherent lower previsioR on £(X), a separately coherent
conditional lower previsionP (-|X) on L(X x Y), and a separately coherent conditional
lower previsionP (| X, Y) on L(X x Y x Z). Then the smallest coherent lower prevision
onL(X x Y x Z) that has marginalP and is jointly coherent witlP (-] X) and P(-| X, ),

is given by

Q(h) = P(P(P(h|X, Y)|X)) (A1)

for allgamblesh onX x Y x Z.

Proof. LemmaA.2tellsusthat Q isaindeed acoherent lower prevision that has marginal
P. To prove that Q, P(-|X) and P(-|X,Y) are jointly coherent, Walley’s Reduction
Theorem [37, Theorem 7.1.5] tells us that we need only prove that Q, P(-|X) and
P(-|X,Y) areweakly coherent, and that P(-|X) and P(-| X, Y) arejointly coherent. Thisis
donein LemmasA.3 and A .4, respectively. Finally, in LemmaA.5 we prove that any other
coherent lower prevision on L(X x Y x Z) that hasmarginal P and isjointly coherent with
P(-|X) and P(-|X,Y), dominates Q.

LemmaA.2. The lower previsiorQ defined orl.(X x Y x Z) by Eq.(A.1) is coherent and
has marginalP.

Proof. It is easily verified that Q satisfies the axioms (P1)—(P3) of a coherent lower
prevision, because the coherent P, and the separately coherent P(-|X) and P(-|X,Y) do
s0. It remains to show that O has marginal P. Consider any gamble f on X. If follows
from the separate coherence of P(-|X,Y) that P(f|X,Y) = f and consequently, from
the separate coherence of P(-|X) that P(P(f|X,Y)|X) = P(f|X) = f, whence indeed
() =PEL(fIX. VX)) =P(f). O

LemmaA.3. 9, P(-|X) and P(-|X, Y) are weakly coherent.
Proof. Following the discussion in [37, Section 7.1.4], we must prove that
(@ max[G(f)+ G(glX)+GlX,Y)—G(fo)] =0;

(b) max[G(f)+ G(glX) + G(hlX,Y) — G(golxo)] = O;
(©) max[G(f)+ G(glX)+ G(h|X,Y)— G(holxo, yo)] > 0;
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foral f, fo, h, hoinL(X xY x 2),dl g, goin LA xY),dl xopinXandal yoinY,
wherewe usethe notations G(f) = f — Q(f), G(g|X) =g — P(g|X), G(h|X,Y) =
P(h|X,Y), G(golxo) = I{x)[g — P(glx0)] and G (holxo, y0) = I{(xq,y0)} [h0— P (holx0, yo)].
To prove that (a) holds, recall from Lemma A.2 that Q is a coherent lower prevision,
whence (see for instance [37, Section 2.6.1] for properties of coherent lower previsions)

max[G () + G(glX) + G(h|X,Y) — G(fo)]

> 0(G(f)+G@lX) +GhlX,Y) — G(fo)
2(G(NH+G@lX)+GhIX,Y)) — 0(G(fo))
2(G(NH) +2(GelX)) + 2(GIX, V) = (G (fo))-

Now, again using the coherence of Q, wefind that Q(G(f)) = Q(f — Q(f)) = Q(f) —
Q(f)=0and similarly Q(G(fo)) = 0. Moreover, it follows from the separate coherence
of P(-|X,Y) thatforall (x,y)inX x Y

=20
=20

P(G(hIX,Y)|x,y)=P(h— P(h|X,Y)|x,y)
=P(h— P(hlx,y)|x,y) = P(hlx,y) — P(h|x,y) =0,

whence P(G(h|X,Y)|X,Y) = 0 and consequently Q(G(h|X,Y)) = 0. Similarly, it
follows from the separate coherence of P(:|X,Y) that P(G(g|X)|X,Y) = G(g|X), and
from the separate coherence of P(-|X) that for al x in X,

P(P(G(@EIX)IX.Y)lx) =P(G(g|X)|x) =P(g — P(g|X)|x)

= P(g— P(glx)|x) = P(glx) — P(glx) =0,

whence P(P(G(g|X)|X,Y)|X) = 0 and consequently also Q(G(g|X)) = 0. It follows
that (a) isindeed verified.

An argument similar to the one above tells us that (b) will hold if we can prove
that Q(G(golxo)) = 0. Now it follows from the separate coherence of P(-|X,Y) that,
since G(golxo) € L(X x ¥), P(G(go|x0)|X,Y) = G(go|x0), whence, using the separate
coherenceof P(-|X),

P(P(G(golx0)|X,Y)|X) = P(G(go|x0)|X)
= P(Ix)[2(x0, ) — P(g0(x0, ) |x0) ]I X)
= I} [ P(g(x0. )| X) — P(go(x0. ) |x0)] =0,
whence indeed Q (G (golxo)) = 0.
Similarly, (c) will be verified if we can provethat Q(G (holxo, yo)) = 0. Now it follows
from the separate coherence of P(-|X,Y) that
P(G(holxo, y0)|X,Y) = P(Ii(xg.yo13[ 1 — P(Rlx0, y0)]I X, Y)
= I{(xg.30) [P(hX, Y) = P(hlx0, y0)] =0,
whenceindeed Q (G (holxo, y0)) =0. O

Lemma A.4. Separately coherent conditional lower previsiaR&|X) on L(X x Y) and
P(1X,Y)onL(X x Y x 2) are always jointly coherent.
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Proof. We use the discussion of joint coherencein [37, Section 7.1.4]. Consider arbitrary
ginLxY)andhin L(X x Y x Z) and the corresponding sets

S(@) ={{x}xYx 2 gx,)#0} and S(h) = {{x} x {y} x Z: h(x,y,") #0}.
First of al, consider any xg in X and go in £L(X x Y), then we must show that thereis some
Bin

S(g)uSh)u {{xo} x Y x Z}
such that (if we also take into account the separate coherence of P(-|X,Y) and P(:| X))

(xT?i(EB[g()m y) _ﬁ(g(-xv )|-x)+h(-xv va)_ﬁ(h(xv Y, ')|-x7 y)

— Ixgy () (go(x, y) — P(go(x, )|x))] > 0.

We choose B = {xp} x Y x Z, and prove that the corresponding supremum

S = max mazx[g(xo, y) — P(g(xo, -)Ix0) + h(x0, y,2) — P(h(x0, y,)|x0.y)

yeY ze
— (g0(x0, ) — P(go(xo, -)|x0))] = O.
Now, since it follows from the coherence of the lower prevision P(-|xg, y) that

rnea%([h(-xOv Y, Z) - E(h(xOs Y, ')l-xOs )’)] 2 0
z
foral y € Y, we see that indeed

S> Tfl(;([g(xo, y) — P(g(xo, )|xo0) — (go(x0. ¥) — P(go(x0. )|x0))] =0,

where the last inequality follows from the coherence of the lower prevision P (-|xg).
Asasecond step, consider any (xg, yo) in X x Y and g in L(X x Y x Z), then we must
show that thereis some B in

S(g) U S(h) U {{xo} x {yo} x 2}
such that [if we also take into account the separate coherence of P(-|X,Y) and P(-|X)]

(xT?i(eB[g(x’ )’) _E(g(x7)|x)+h(x7 )’71)—2(}1(% yv')|x7 y)

- I{(xo,yo)}(x’ y)(ho(x7 Y Z) - E(hO(xv Y, ')|x7 )’))] = 0.

If g(x1, ) # 0for some x1 # xo, then we choose B = {x1} x Y x Z, and similar arguments
asinthefirst step of the proof lead us to conclude that the corresponding supremum
maxmax[g(x1, y) — P(g(x1, )|x1) + h(x1, y, 2) = P(h(x1, y, )lx1, )]
yeY zeZ
is indeed non-negative. Assume therefore that g(x, -) = 0 for al x # xg. Then there are
two possibilities left. Either g(xo,-) = 0, whence g = 0. Then we choose B = {xg} x
{yo} x Z, and it follows from the coherence of the lower prevision P (-|xo, yo) that for the
corresponding supremum;
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g;ag[h(XO, y0.2) — P (R (x0, yo, -)|x0, y0)

— (ho(xo, yo, 2) — P (ho(xo, Yo, )|x0, yo))] > 0.
Or g(xp) # 0 and then we choose B = {xo} x Y x Z, and it follows, in asimilar way asin
thefirst step of the proof, that the corresponding supremum

max_[g(xo, y) — P(g(xo. -)|x0) + h(xo, y,2) — P(h(xo, y, ")|x0, y)
veY,zeZ

— Iy} () (ho(xo, ¥, 2) — P (ho(x0, y, )|x0, ¥))]
is again non-negative. 0O

Lemma A.5. Any coherent lower previsiog’ onL(X x Y x Z) that has marginalP and
is jointly coherent withP (-|X) and P(-|X, Y), dominateg).

Proof. Consider any /2 in L(X x Y x Z), then we have to prove that g’(h) > Q(h). Since
Q' jointly coherent with P(-|X) and P(-|X,Y), it followsthat Q', P(:|X) and P(-|X,Y)
areweakly coherent (see[37, Section 7.1.4]), and consequently we havefor any hg, 1 and
ginL(X xYx2Z),andany finL(X x Y) that
max[h1 — Q'(h1) + f — P(f1X) + g — P(g|X,Y) — (ho — Q'(ho))] > 0.
If wechoosehg=g=nh, f =P(h|X,Y)and hy = P(P(h|X, Y)|X), thisreducesto
Q'(h)= Q'(P(P(h|X,Y)|X))
andsince P(P(h|X, Y)|X) isagambleon X, andg’ has marginal P, we find that

Q’(E(E(hIX, Y)|X)) = P(P(P(h|X,Y)|X)) = Q0(h),
whenceindeed Q'(h) > Q(h). O

Appendix B. Additional discussion of theirrelevance condition (MDI)

This appendix provides additional discussion of the irrelevance assumption (MDI) in
Section 4. We use the notations established there. We shall restrict ourselves to the case
that the lower prevision P and the conditional lower prevision P (-|X) are precise.

It turns out that if we make Assumption (MDI), coherence guarantees that another type
of irrelevanceis satisfied, as the following theorem makes clear.

Theorem B.1. Assume we have a linear previsidg on L£(X), and a linear conditional
previsionPy(-|X) on L(C x X). Also assume that the irrelevance condit{DI) holds.
Then for allx in X andc in € such thatpg(c, x) = po(x) po(c|x) > 0, and for all gambles
f on O, the conditional lower previsio® (f|c, x) is uniquely determined by coherence,
and given by

P(fle,x)=P(f|x) =0£nri{1)f(0)-
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Proof. Let us first consider P({c} x {x} x O). For any y € X and p € O, we have, by
separate coherence, that

P({c} x {x} x Oly, p) = P(Liyxixyx0 G, v, Py, p) = Iy ) P({c}ly. p).
whence P({c} x {x} x O|X, O) = I, P({c}|X, O). Consequently, for al y € X, using
separate coherence, EQ. (11) and the irrelevance condition (MDI),

P(P({c} x {x} x O1X, 0)ly) = P(Iy M) P({c}ly, O)ly)

=1 in P )
u@%g&_wﬂxm

=Ijxy(y) min Po({c}lx) = Iixy(y) polclx),
pel(x)
whence P(P ({c} x {x} x O|X, 0)|X) = I{x) po(c|x), and therefore,
P({c} x {x} x ) = Po(P(P({c} x {x} x O|X, 0)|X))

= Po(I(xypo(clx)) = po(x) po(c|x) = po(c, x).
The material in Section 2.7 then tells us that whenever P({c} x {x} x O) = po(c, x) > 0,
P(flc,x) is uniquely determined by coherence as the unique solution of the following
equationin u:
P(IieyxpxoLf — nl) =0. (B.1)

Now, for any y € X and p € O, we have, by separate coherence, that

P(IyxpaxoLf — mlly, p) = P(Liysixixo ¢y, pLf — 1lly. p)
= Iy P (gL f — 1lly. p).
whence P(Iixxyxo[f — nllX, 0) = Iy P(Iie[ f — nllX, 0). Consequently, for all
y € X, using separate coherence, Eq. (11) and the irrelevance assumption (MDI),
P(P(Iieyxiryxo Lf — 111X, 0)]y)
= P(Iy )P (Ll f — rlly, O)ly) = I{x}(y)ogjg)ﬁ(l{c} [f(0) — u]lx,0)

=l min Po(lia[£ @) = u]lx) = Iy ) min [7(0) = u]po(el)
= Iy (po(el)[ min £(0) = 1] = Iy () po(c)[P(f1) = 1],
whence P (P (Iieyxix1x 01X, O)|X) = Iixy polclx)[P(f|x) — ], and therefore,
P(I{c} x {x} x OLf — pI) = Po(B(B (L npx0 Lf — wlIX. 0)]X))
= Po(Iixy po(cl)[P(f1x) — u])
= po(x) polc|x)[P(f1x) — ]

= pole, \)[P(f1x) — u].

If po(c,x) > 0, it follows that the unique solution of Eq. (B.1) is indeed given by
w=P(flx). O
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This theorem tells us that for a linear prior P, the irrelevance assumption (MDI)
implies, through arguments of coherence, that conditional on the attributes X, the class
C isirrelevant to the observations O, i.e., if we know that X = x, then the additional
knowledgethat C = ¢ does not change our beliefs about the value of O.

We now intend to show that the above statement does not imply (MDI). Let us, to this
effect, start with alinear prevision Po on L(€C x X), and assume that for all gambles f on
O,and al (¢, x) in € x X suchthat po(c, x) = po(x) po(c|x) > O:

P(fle,x)=P(f]x) ZOgLi&)f(O)- (1

We can now use Walley’s marginal extension theorem (see Theorem 1 in Section 2.9) to
combinethe marginal linear prevision Pg on £(C x X) and the conditional lower prevision
P(-|C, X) on L(0)—or, through separate coherence, on L(€C x X x O)—into ajoint lower
prevision Q on L(€ x X x O) defined by

Q(h) = Po(P(h|C. X))

for al gamblesi on € x X x O. The following theorem tells us that Assumption (MDI) is
effectively stronger than Assumption (I').

Theorem B.2. Assume thafl’) holds. Consider a separately coherent conditional lower
previsionP (-| X, O) on L(C x X x 0). If this conditional lower prevision satisfi¢§iDI),
ie.,

P(flx,0) = Po(f]x)

forall f € L(C), for all x € X such thatpg(x) > 0, and for allo € I' (x), then it cannot
be jointly coherent with the joint lower previsigh on L(€ x X x O).

Proof. Letx € X suchthat pg(x) > 0andleto € I' (x). Consider an arbitrary gamble f on
C that is not almost everywhere constant on € with respect to the linear prevision Po(-|x)
(which is uniquely determined from Py through coherence). The theorem is proved if we
can show that

O([f = P(flx,0)]lex(x)xo) <O
By separate coherence and Assumption ('), wefind for any ¢ € € and y € X that

E(([f —P(flx, 0)]Iex{x}x{o})|cv )’)
=P(([f(©) = P(fIx.0) [Iexiixioy(c. ¥ ))le. ¥)
= I{x}(Y)pgnllg)[f(C) — P(flx,0)]l10)(p)
= Ity () Loy (x) min{ £ (¢) — P(f|x, 0), 0}
= Ity () (o) (x) min{ f (c) — Po(f1x). 0}
where the last equality follows from the assumptions of the theorem. Consequently,
P(([f = P(flx.0) [Hexixx(0))IC. X) = Iy oy (x) min{ f — Po(f|x), O}
and we find that
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O([f = P(flx.0) [ Iexixixo}) = Po((P([f — P(f1x,0) [ Iexixix(0})IC. X))
= Po(Ij Iy (x) min{ f — Po(f1x), 0})
= Loy (x) Po(Iiey min{ f — Po(f1x), 0})
= I{oy+ (x) po(x) Po(min{ f — Po(f|x). 0}|x) <O,
where the inequality followsfrom x € {o}*, po(x) > 0, and LemmaB.3. O

Lemma B.3. Let P be a linear prevision ori.(C). Then for all gambleg on € that are
not almost everywhere constgmtith respect taP), and for all real, we have that

P(min{f —u,0)) =20 = u<P(f).

Proof. Let f be a gamble that is not constant aimost everywhere, i.e., f is not constant
on the set D, = {c € €: p(c) > 0}, where we denote by p the mass function of P.
It clearly suffices to show that P(min{f — P(f),0}) < 0. Assume, ex absurdo that
P(min{f — P(f),0}) > 0. Since the gamble min{ f — P(f), 0} on C is non-positive, this
implies that P(min{f — P(f),0}) = 0, and this can only happen if p(c) = P({c}) =0
for al c € € suchthat f(c) < P(f). Consequently, P(f) < f(c) fordl ¢ € D,, whence
P(f) <minep, f(c). Butsince P(f) isanon-trivial convex mixture of the f(c) for all
c € Dy, and since f is not constant on D, we aso know that P(f) > mincep, f(c), @
contradiction. 0O
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