
In Qualitative Reasoning and Decision Technologies, N. Piera Carrete & M.G. Singh (eds),
pp. 451-460, CIMNE: Barcelona, 1993

Belief Propagation in Qualitativ e

Probabilistic Net w orks

�

Marek J. Druzdzel

Carnegie Mellon Univ ersit y

Departmen t of Engineering

and Public P olicy

Pittsburgh, P A 15213

mar ek+@cmu.e du

Max Henrion

Ro c kw ell In ternational Science Cen ter

P alo Alto Lab orato ry

444 High St, Suite 400

P alo Alto, CA 94301

henrion@sumex- aim.sta nfor d.e du

Abstract

Qualitativ e probabilisti c net w orks (QPNs) [ 13 ] are an abstractio n of

in
uence diagrams and Ba y esian b elief net w orks replacing n umerical rela-

tions b y qualitat iv e in
uences and synergies. T o reason in a QPN is to

�nd the e�ect of decision or new evidence on a v ariable of in terest in terms

of the sign of the c hange in b elief (increase or decrease). W e review our

w ork on qualitati v e b elief propagatio n, a computational ly e�cien t reason-

ing sc heme based on lo cal sign propagation in QPNs. Qualitativ e b elief

propagation, unlik e the existing graph-reduction algorithm, preserv es the

net w ork structure and determines the e�ect of evidence on all no des in

the net w ork. W e sho w ho w this supp orts meta-lev el reasoning ab out the

mo del and automatic generation of in tuitiv e explanations of probabilisti c

reasoning.

1 In tro duction

Probabilistic reasoning sc hemes are often criticiz ed for the undue precision they

require to represen t uncertain kno wledge in the form of n umeric al probabilities.

In fact, suc h critici sm is misconceiv e d since probabilit y theory is ro oted in qual-

itativ e judgmen ts of conditional indep endence and relativ e lik e li ho o d, and there

are a wide v ariet y of probabilistic sc hemes that do not require single p oin t prob-

abilities. These sc hemes range in sp eci�cit y from purely qualitativ e sc hemes suc h

as kno wledge maps [ 7 ], I-maps [9], and qualitativ e probabilistic net w orks [13],

to sc hemes allo wing partial n umeric al sp eci�cation, suc h as in terv als rather than

p oin t probabilities [1, 11 ].

Our w ork is based on the qualitativ e probabilistic net w ork (QPN) represen ta-

tion, in tro duced b y W ellman [13]. QPNs are in essence a qualitativ e abstraction

of Ba y esian b elief net w orks and in
uence diagrams. A QPN requires sp eci�cation

�

This rese arc h w as supp orted in part b y the Ro c kw ell In ternational Science Cen ter.
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of the graphical b elief net w ork, expressing probabilistic dep endence and indep en-

dence relations. In addition, it requires sp eci�cation of the signs of in
uences and

synergies among v ariables. A prop osition a has a p ositiv e in
uenc e on a prop o-

sition b , if observing a to b e true mak es b more probable. V ariable a is p ositiv ely

syner gistic with v ariable b with resp ect to a third v ariable c , if the join t e�ect

of a and b on the probabilit y of c is greater than the sum of individual e�ects.

QPNs generalize straigh tforw ardly to m ultiv alued and con tin uous v ariables.

QPNs can replace or supplemen t quan titativ e Ba y esian b elief net w orks where

n umerical probabilities are either not a v ailable or not necessary for the questions

of in terest. An exp ert ma y express his or her uncertain kno wledge of a domain

directly in the form of a QPN. This requires signi�can tly less e�ort than a full

n umerical sp eci�cation of a b elief net w ork. Alternativ ely , if w e already p ossess

a n umerical b elief net w ork, then it is straigh tforw ard to iden tify the qualitativ e

relations inheren t in it, based on the formal probabilistic de�nitions of the prop-

erties. Examples of queries that can b e resolv ed using QPNs include determining

the e�ect of observ ations on the probabilit y of a v ariable of in terest. If a net w ork

con tains decision no des and a v alue no de, suc h query with resp ect to the t w o can

b e used to iden tify dominating decision options [13].

Our main con tributions to QPNs are: (1) iden ti�cation of the conditions for

inter c ausal r e asoning , or explaining away , for example ho w con�rmation of one

cause of an observ ed e�ect ma y reduce (or increase) the probabilit y of another

cause [5, 6 , 15 ], and (2) a computationally e�cien t sc heme for qualitativ e b elief

up dating that w e call qualitative b elief pr op agation . Qualitativ e b elief propaga-

tion traces the e�ect of an observ ation e on other net w ork v ariables b y propa-

gating the sign of c hange from e through the en tire net w ork. This di�ers from

the graph-reduction approac h [13] in that it do es not mo dify the underlying net-

w ork but rather lab els all no des with the sign of c hange. In cases where some

of a QPN's v ariables are instan tiated, qualitativ e b elief propagation relies on a

new qualitativ e prop ert y that w e call pr o duct syner gy . This is the condition for

in tercausal reasoning, or inference across a con v ergen t no de in a b elief net w ork

(where arro ws meet head to head). F ormal presen tation of our algorithm for

qualitativ e b elief propagation can b e found in [4]. F ormal presen tation of the

de�nition and prop erties of pro duct synergy can b e found in [5]. In this pap er,

w e review the main concepts of qualitativ e b elief propagation and discuss ho w

this aids meta-lev e l reasoning ab out the mo del and automatic generation of quali-

tativ e explanations of probabilistic up dating. W e lea v e out the formal de�nitions

of the qualitativ e prop erties and theorems underlying qualitativ e b elief propa-

gation, fo cusing rather on the 
a v or of the metho d and the in tuitions b ehind

it. Section 2 reviews the main concepts of QPNs. Section 3 sk etc hes brie
y the

b elief propagation-ba sed algorithm and discusses its adv an tages o v er the graph

reduction approac h. In Section 4, w e sho w ho w our algorithm aids iden ti�cation

of sources of am biguit y in the net w ork. Finally , in Section 5, w e discuss p ossible

applications of this w ork.
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2 Qualitativ e Probabilistic Net w orks

F ormally , a QPN is a pair G = ( V ; Q ), where V is a set of v ariables or no des in

the graph and Q is a set of qualitativ e relations among the v ariables [13 ]. All

qualitativ e relations are expressed b y signs '+, ' � , '0, and '?, the last denoting

am biguit y . There are t w o original t yp es of qualitativ e relations in Q : qualitativ e

in
uences and additiv e synergies. Their formal probabilistic de�nitions can b e

found in [13]. The qualitative in
uenc es de�ne the sign of direct in
uence b et w een

t w o v ariables and corresp ond to arcs in a b elief net w ork. A p ositiv e qualitativ e

in
uence b et w een v ariables a and c , denoted b y S

+

( a; c ) expresses the fact that

increasing the v alue of a , mak es higher v alues of c more probable. If c is a

binary v ariable, w e de�ne C > C ( C means c = true , C means c = false .

Negativ e qualitativ e in
uence, S

�

, and zero qualitativ e in
uence, S

0

, are de�ned

analogously . The additive syner gy is used with resp ect to t w o direct ancestors

of a v ariable. A p ositiv e additiv e synergy , Y

+

( f a; b g ; c ), captures the prop ert y

that the join t in
uence of a and b on c is greater than sum of their individual

in
uences. Negativ e additiv e synergy , Y

�

, and zero additiv e synergy , Y

0

, are

de�ned analogously .

W e in tro duced the third qualitativ e prop ert y of QPNs, called pr o duct syner gy

in [6]. This w as further studied in [15] and extended to supp ort qualitativ e b elief

propagation in [5]. Pro duct synergy captures the sign of conditional dep endence

b et w een a pair of immediate predecessors of a no de that has b een observ ed or has

indirect eviden ti al supp ort. The practical implication of pro duct synergy is that

under the sp eci�ed circumstances, is forms a su�cien t condition for a common

pattern of reasoning kno wn as explaining away . Explaining a w a y is when giv en

an observ ed e�ect and increase in probabilit y of one cause, all other causes of that

e�ect, that are negativ ely pro duct synergistic to it, b ecome less lik e ly . Consider,

for example, an automobile engine. Ev en though excessiv e oil consumption and oil

leak through a crac k ed gask et can b e assumed to b e probabilistically indep enden t,

once w e kno w that the oil lev el is lo w, this indep endence v anishes. Up on obtaining

additional evidence for oil leak (e.g., observing greasy engine blo c k), w e �nd the

lik el iho o d of excessiv e oil consumption diminished | oil leak \explains a w a y"

excessiv e oil consumption. F or a p ositiv e pro duct synergy , the rev erse is true, for

example giv en lo w oil lev el , evidence for excessiv e oil consumption mak es o wner's

negligence in replenishing oil more lik e ly . Tw o direct predecessors of c , a and b

exhibit a negativ e pro duct synergy with resp ect to a v alue c

0

of c , denoted b y

X

�

( f a; b g ; c

0

), if giv en c

0

higher v alues of a mak e b less lik el y . P ositiv e pro duct

synergy , X

+

, and zero pro duct synergy , X

0

, are de�ned analogously .

If a qualitativ e prop ert y is not

0

+,

0

� , or

0

0, it is b y default

0

? ( S

?

, Y

?

, and X

?

resp ectiv el y). As all the de�nitions of the qualitativ e prop erties are not-strict,

b oth

0

+ and

0

� are consisten t with

0

0; for the same reason

0

? is consisten t with

0

0,

0

+, and

0

� . An y qualitativ e prop ert y that can b e describ ed b y a

0

0 can b e

also describ ed b y

0

+,

0

� , or

0

?. Ob viously , when sp ecifying a net w ork and doing

an y kind of reasoning, one prefers stronger conclusions to w eak er ones and this is

captured b y the canonical order of signs:

0

0 is preferred to

0

+ and

0

� , and all three

are preferred to

0

? [13]. These three qualitativ e prop erties can either b e elicite d

directly from the exp ert along with the graphical b elief net w ork or deriv ed from
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a n umerical b elief net w ork, based on their formal de�nitions. It is w orth not-

ing that most p opular probabilistic in teractions exhibit unam biguous qualitativ e

prop erties. It can b e easily pro v en, for example, that bi-v alued noisy-OR gates

ha v e alw a ys p ositiv e in
uences ( S

+

). F or all pairs of their direct ancestors, they

exhibit negativ e additiv e synergies ( Y

�

), negativ e pro duct synergies ( X

�

) for the

common e�ect presen t, and zero pro duct synergies ( X

0

) for the common e�ect

absen t. Linear (Gaussian) mo dels yield w ell de�ned qualitativ e in
uences (i.e.,

non{

0

?) and zero additiv e synergies ( Y

0

). Qualitativ e signs com bine b y means of

sign m ulti plic ation ( 
 ) and sign addition ( � ) op erators de�ned as follo ws:


 + � 0 ?

+ + � 0 ?

� � + 0 ?

0 0 0 0 0

? ? ? 0 ?

� + � 0 ?

+ + ? + ?

� ? � � ?

0 + � 0 ?

? ? ? ? ?

Figure 1 sho ws an example of a QPN that captures the in teraction of v arious

v ariables related to lo w lev el of car engine oil. All v ariables in the example are
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Figure 1: An example of a qualitativ e probabilistic net w ork

prop ositional. Owner's ne glig enc e in replenishing oil leads to low oil level and

in the long run to worn piston rings and exc essive oil c onsumption . L ow oil

level can b e also caused b y an oil le ak (e.g., through a crac k ed gask et). Oil le ak

and p ossible oil spil ls during adding or replacing oil can giv e the engine blo ck a

gr e asy lo ok. Some of the v ariables in this net w ork are directly observ able; the

others m ust b e inferred. Links in a QPN are lab eled b y signs of the qualitativ e

in
uences S

�

, eac h pair of links coming in to a no de is describ ed b y the signs

of the synergies b et w een them (not pictured). Note that all these relations are

uncertain. Exc essive oil c onsumption will usually lead to blue exhaust , but not

alw a ys. But the fact that it mak es blue exhaust more probable is denoted b y a

p ositiv e in
uence S

+

. In the �gures to follo w, w e will simply lab el the links with

a

0

+denoting S

+

.

3 Qualitativ e Belief Propagation

W ellman [13 ] prop osed an algorithm for reasoning in QPNs based on graph re-

duction, analogous to Shac h ter's [10] reduction algorithms for inference in quan-
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titativ e b elief net w orks. Giv en a query in v olving the in
uence of a no de e on a

no de t , the algorithm applies rep etitiv e ly arc-rev ersal and no de-reduction op er-

ators un til the graph is reduced to e and t connected b y a single directed link

from e to t . Since arc rev ersal loses qualitativ e information, the pro cess can lead

to am biguit y ev en where there is a de�nite qualitativ e relationship. Finding the

optimal reduction sequence to minimi ze am biguit y has unkno wn computational

complexit y [14]. F urther, the reduction of the original net w ork structure mak es

it di�cult to iden tify sources of am biguit y and to explain the inference pro cess.

W e prop osed a computationally e�cien t algorithm for reasoning in QPNs that

a v oids these problems [4]. This algorithm, that w e call qualitative b elief pr op aga-

tion , is analogo us to message-passing algorithms for quan titativ e b elief net w orks

(e.g., [8 ]) and traces the e�ect of an observ ation e on other net w ork v ariables b y

propagating the sign of c hange from e through the en tire net w ork. This approac h

di�ers from the graph reduction-based algorithm in that it preserv es the original

structure of the net w ork. Nothing is c hanged in the underlying graph, but ev ery

no de on the path from e to t is giv en a lab el that c haracterizes the sign of impact.

In this w a y , once the propagation is completed, one can easily read o� the lab eled

graph ho w exactly the evidence impacts the target, i.e., what are the in termedi -

ate no des through whic h e acts on t . The algorithm is formally describ ed in [4].

Here, w e restrict the exp osition to the main ideas underlying the algorithm and

giv e an example.

Belief propagation in singly connected net w orks has an in tuitiv e meaning: the

evidence 
o ws from the observ ed v ariables out w ards and nev er in the opp osite

direction. In the presence of m ultipl e connections, this paradigm b ecomes prob-

lematic, as the evidence coming in to a no de can arriv e from m ultipl e directions.

F or an y link that is part of a clique of no des, it b ecomes imp ossible to p oin t

out in whic h direction the evidence 
o ws. Numeric al b elief propagation through

m ultiply connected graphs encoun ters the problem of a p ossible in�nite sequence

of lo cal b elief propagation and an unstable equili brium that do es not necessarily

corresp ond to the new probabilistic state of the net w ork [9, pages 195{22 3].

It turns out, that the qualitativ e prop erties of the QPNs allo w for an in-

teresting view of b elief propagation. Qualitativ e in
uences and synergies are

indep enden t of an y other no des. This allo ws, for an y t w o v ariables e and t , to

disregard all suc h no des and e�ectiv e ly decomp ose the 
o w of evidence from e to

t in to distinct trails (c hains of links in the underlying graph) from e to t . On eac h

of these trails, b elief 
o ws in only one direction, from e to t , and nev er in the

opp osite direction, exactly as it do es in singly connected net w orks. Presence of

di�eren t, parallel trails do es not c hange an y prop erties of a single trail and these

can b e determined b y considering eac h trail in separation. Qualitativ e c hange in

b elief in a no de t giv en a single evidence no de e can b e view ed as a sum of c hanges

through individual eviden ti al trails from e to t . It will b e w ell determined only if

the signs of these paths are consisten t (i.e., the sign sum is not

0

?).

The algorithm for qualitativ e b elief propaga tion is based on lo cal message

passing. The goal is to determine a sign for eac h no de denoting the direction of

c hange in b elief for that no de giv en new evidence for an observ ed no de. Initially

eac h no de is set to

0

0, except the observ ed no de whic h is set to the sp eci�ed sign.

A message is sen t to eac h neigh b or. The sign of eac h message b ecomes the sign
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pro duct of its previous sign and the sign of the link it tra v erses. Eac h message

k eeps a list of the no des it has visited and its origin, so it can a v oid visiting an y

no de more than once. E�ectiv ely , eac h message tra v els on one p ossible eviden tial

trail. Eac h no de, on receivi ng a message, up dates its o wn sign with the sign sum

of itself and the sign of the message. Then it passes a cop y of the message to all

un visited neigh b ors that need to up date their signs.
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Figure 2: Algorithm for qualitativ e b elief propaga tion: An example.

Figure 2 sho ws an example of ho w the algorithm w orks in practice. Supp ose

that w e ha v e observ ed low oil level and w e w an t to kno w the e�ect of observing

blue exhaust on other v ariables in the mo del. W e set the signs of eac h of the no des

to

0

0 and start b y sending a p ositiv e sign to blue exhaust , whic h is our evidence

no de. Blue exhaust determines that its paren t, no de exc essive oil c onsumption ,

needs up dating, as the sign pro duct of

0

+ and the sign of the link

0

+ is

0

+ and

is di�eren t from the curren t v alue at the no de

0

0. After receiv ing this message,

exc essive oil c onsumption sends a p ositiv e message to worn piston rings . Giv en

that the no de low oil level has b een observ ed, exc essive oil c onsumption will also

send t w o in tercausal messages: a p ositiv e message to owner's ne glige nc e and a

negativ e message to oil le ak (the signs are determine d b y the p ositiv e sign of

exc essive oil c onsumption and resp ectiv e p ositiv e and negativ e signs of pro duct

synergies). No in tercausal messages are passed b et w een owner's ne glige nc e and

oil le ak , as the sign of the pro duct synergy b et w een the t w o giv en low oil level is

zero. Worn piston rings will not send an y further messages, as its only paren t,

owner ne gligent in r eplenishing oil , do es not require an y c hange from the already

p ositiv e sign. The negativ e sign of oil le ak will propaga te to gr e asy engine blo ck ,

that will not send an y further messages and the algorithm will terminate. The

�nal sign in eac h no de expresses ho w the probabilit y of this no de is impacted b y

observing blue exhaust .

The c haracter of the sign addition impli es that eac h no de can c hange its sign at

most t wice | �rst from

0

0 to

0

+,

0

� , or

0

? and then, if at all, only to

0

?, whic h can

nev er c hange to an y other sign. Hence eac h no de receiv es a request for up dating

its sign at most t wice, and the total n um b er of messages for the net w ork to reac h

stabilit y is less than t wice the n um b er of no des. Eac h message carries a list of

visited no des, whic h con tains at most the total n um b er of no des in the graph.

Hence, the algorithm is quadratic in the size of the net w ork. Unfortunately , this

propagation algorithm do es not generalize straigh tforw ardly to quan titativ e b elief

net w orks, where b elief up dating is kno wn to b e NP-hard [2].
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4 Iden ti�cation of Sources of Am biguit y

Reasoning purely with signs can lead to am biguities that cannot b e resolv ed at

this lev e l of sp eci�cit y . Generally , if the sign of c hange of a no de through whic h

propagation is conducted b ecomes am biguous, the signs of all no des that are

lo cated b ey ond that no de will b e am biguous. A formal represen tation should not

use more sp eci�cit y than needed to supp ort the reasoning and decision making

required of it. A simple initial represen tation can pro vide insigh t in to the problem

and lead the system to a re�nemen t of those parts only that are critical for

answ ering the query , at eac h time doing no more w ork than necessary . As the

time sp en t on analyzing a simple qualitativ e represen tation is usually negligible,

the system will e�ectiv el y allo cate all of its e�orts to the most imp ortan t parts

of the problem. T o supp ort this t yp e of approac h, the program needs to re
ect

on the mo del in order to lo cate the direct source of am biguit y and �nd the most

fruitful direction of elab oration of the mo del. As qualitativ e b elief propagation

preserv es the structure of the net w ork, it directly supp orts this t yp e of reasoning.

In a singly connected net w ork, am biguit y can en ter only through the am bigu-

it y in a single in
uence or synergy ( S

?

or X

?

). In m ulti ply connected net w orks,

am biguit y can also b e a result of con
icting in
uences coming to the target no de

from di�eren t trails (Figure 3{(a)). Some con�gurations of m ulti ply connected

net w orks alw a ys lead to con
icting trails. This is the case with what w e call am-
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Figure 3: (a) Am biguit y resulting from con
icting trails: no de d receiv e s a p osi-

tiv e message directly from b and a negativ e message from b through a and c . (b)

Am biguous lo ops: the pro duct of links b � a , a � c , and the in tercausal link b � c

(with d observ ed) is negativ e.

biguous lo ops (Figure 3{(a)). A lo op is an activ e trail that starts and ends at the

same no de. If the sign pro duct of all links in a lo op (including in tercausal links) is

negativ e, sign propagation through suc h lo op is guaran teed to lead to am biguit y

(

0

? sign). It is p ossible to pro v e that at most one no de of an am biguous lo op will

ha v e an unam biguous sign. W e can pro v e it b y con tradiction. F or a giv en source

no de, there ma y b e at most one no de in an y lo op that has no trails in that lo op

| if and only if all eviden ti al trails to an y no de of the lo op include that no de.

The sign of suc h a no de will b e indep enden t on the signs of an y no des and links

in the lo op. F or an y other no de in the lo op, there will b e at least t w o eviden tial

trails, one going clo c kwise and one going coun terclo c kwise. Supp ose that a no de

n in the lo op has an unam biguous sign. Without loss of generalit y , let us assume

that it is

0

+. No w, there exist at least t w o distinct trails from n to an y no de m in
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the lo op. Their pro duct has to b e negativ e b ecause the lo op is am biguous (has a

negativ e pro duct) and the only w a y of getting a negativ e pro duct is when one of

the t w o trails is negativ e and one is p ositiv e. Their signs will b e th us di�eren t b y

the sole virtue of the am biguit y of the lo op. It follo ws that the sign of no de n has

to b e

0

?, whic h con tradicts the assumption. Note that if evidence en ters the lo op

through more than one no de, then all no des in the lo op will b e

0

?, b ecause the

same argumen t will hold for eac h of these no des. There will b e alw a ys at least

t w o eviden ti al trails through whic h con
icting evidence comes to them. While

most qualitativ e prop erties in the net w orks that w e studied w ere w ell de�ned,

it w as not uncommon to observ e am biguities in tro duced b y am biguous lo ops in

m ultiply connected net w orks with instan tiated no des. One reason for that is that

the most common v alue of pro duct synergy app ears to b e negativ e, whic h in lo ops

often leads to con
icts with usually p ositiv e signs of links. Am biguous lo ops need

to b e analyzed and elab orated up on as a whole.

Summarizing, w e iden ti�ed four elemen tary p ossible sources of am biguit y: am-

biguous sign of a qualitativ e in
uence, am biguous sign of an in tercausal in
uence,

con
icting in
uence signs from m ultiple paths, and am biguit y from propagation

through an inheren tl y am biguous lo op. These four sources of am biguit y can b e

easily iden ti�ed in qualitativ e b elief propagation and addressed b y a higher lev el

of sp eci�cation (suc h as order of magnitude or full n umeric sp eci�cation) of the

am biguous part of the net w ork.

5 Conclusions and Applications

This pap er has summarized our w ork on qualitativ e b elief propagation, a com-

putationally e�cien t sc heme for reasoning in qualitativ e probabilistic net w orks.

Belie f propagation is more p o w erful than graph reduction approac h for t w o rea-

sons: (1) it uses pro duct synergy , whic h is a new qualitativ e prop ert y of prob-

abilistic in teractions, and (2) it o�ers a reasoning sc heme, whose op erators do

not lead to loss of qualitativ e information and whose �nal results do not dep end

on the order of their application. Although examples of problems that can b e

resolv ed b y b elief propagation and not b y graph reduction can b e easily found, it

is unfair to compare the strength of the t w o metho ds, as b elief propagation uses

an additional qualitativ e prop ert y , namely pro duct synergy .

W ellman [12] describ es sev eral p ossible applications of QPNs, suc h as sup-

p ort for heuristic planning and iden ti�cation of dominan t decisions in a decision

problem. Qualitativ e b elief propagation supp orts these applications, and has the

additional adv an tage o v er the graph-reduction approac h in that it preserv es the

underlying graph and determines the sign of the no de of in terest along with the

signs of all in termediate no des. This supp orts directly t w o new applications of

QPNs: meta-lev e l reasoning ab out the mo del and automatic generation of qual-

itativ e v erbal explanations of reasoning.

In case of sign-am biguit y a computer program can self-re
ect ab out the mo del

at a meta lev el and �nd the reason for am biguit y . Hence, the program can deter-

mine w a ys in whic h the least additional sp eci�cit y could resolv e the am biguit y .

Automatic detection of p ossible am biguities can b e an aid in kno wledge engi-

neering. If a QPN sp eci�cation of a domain is not su�cien t to determine a sign

8



of c hange, parts of the mo del can b e iden ti�e d where additional qualitativ e or

quan titativ e information is needed.

Belief propagation app ears to b e easy to follo w for p eople and it can b e used

for generation of qualitativ e v erbal explanations of probabilistic reasoning. The

individual signs along with the signs of in
uences can b e translated in to natural

language sen tences describing paths of c hange from the evidence to the v ariable

in question (see Figure 4 for an example). Explanation of eac h step in v olv e s

Qualitativ e influenc e of greasy engine block on excessive oil consumption :

Greasy engine block is evidence for oil leak.

Oil leak explains low oil level, hence is evidence against excessive oil

consumptio n.

Therefore, greasy engine block is evidence against excessive oil

consumptio n.

Figure 4: Qualitativ e explanations: An example.

reference to a usually familiar causal or diagnostic in teraction of v ariables. In

general, explanations based on qualitativ e reasoning are easier to understand

than explanations using n umerical probabilities. So ev en where a quan ti�ed b elief

net w ork is a v ailable, it ma y often b e clearer to reduce it to the qualitativ e form,

and base explanations on purely qualitativ e reasoning. W e think that b elief

propagation-b ased sc heme supp orts this in a straigh tforw ard and e�cie n t manner

b y determining the signs of all no des in the net w ork during one execution of the

algorithm. More details on generation of v erbal explanations of reasoning based

on b elief propagation can b e found in [3].

Another p ossible application is using qualitativ e reasoning ab out parts of the

mo del during mo del building. Robustness of qualitativ e data pro vides an addi-

tional constrain t on the elici ted n umerical probabilities and allo ws for a sound

consistency c hec k of the elicite d n um b ers and the structure of the mo del. If the

n um b ers elicited with resp ect to the mo del result in coun terin tuiti v e qualitativ e

prop erties, w e ha v e a go o d reason to c hec k the n um b ers. Also, if qualitativ e

explanations of reasoning based on an early v ersion of a mo del seem to b e coun-

terin tuitiv e to the exp ert, it ma y b e a go o d indication of p ossible problems in the

mo del structure.
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