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Abstract

On theoretical grounds Ba y esian probabilit y theory is arguably the sound-

est approac h to uncertain reasoning, but it has b een criticized as b eing hard for

h umans to understand. The acceptabilit y and e�ectiv eness of decision supp ort

systems (DSSs) dep ends on their abilit y to explain and justify their conclusions

to users. W e describ e a metho d of explaining probabilistic inference b y consid-

ering the relativ e plausibilit y of alternativ e scenarios. Scenarios consist of se-

quences of ev en ts, often app earing as coheren t causal explanations of observ ed

evidence. Selecting only the most relev an t v ariables and the most probable

scenarios allo ws con trol o v er the simplicit y and precision of the explanations.

Pro cess tracing studies of h uman uncertain reasoning suggests that this sc heme

resem bles the w a y h umans normally reason.

�

This researc h w as supp orted b y the National Science F oundation under gran t IRI{8807061 to

Carnegie Mellon Univ ersit y and b y the Ro c kw ell In ternational Science Cen ter.

1



In tro duction

F or a p erson to come to trust a computerized decision aid, decision supp ort system

(DSS) or exp ert system, requires that the system can comm unic ate the reasoning un-

derlying its conclusions. Ideally , a session with a DSS should resem ble a con v ersation

ha ving as goal impro ving users' insigh t in to a problem.

One p ossible approac h to building a DSS is to try to imitate the reasoning of h uman

exp erts. This underlies m uc h exp ert systems w ork. Presumably , if the system's

reasoning imitates h uman exp ert's reasoning, it should b e relativ ely easy to pro duce

explanations comprehensible to the user. Unfortunately , there is a danger that this

approac h will repro duce the de�ciencies of h uman in tuitiv e reasoning [5, 7 ]. There

is a large exp erimen tal literature demonstrating that Ba y esian reasoning is not a

go o d mo del of h uman reasoning [8]. This literature also demonstrates that h uman

reasoning under uncertain t y is liable to systematic biases and inconsistencies. Indeed,

this is part of the argumen t for using normativ ely{based decision aids to help impro v e

on unaided h uman in tuition. This p oses a dilemm a: Must w e c ho ose b et w een the

soundness and the explainabilit y of inference metho ds? The goal of the researc h

describ ed here is to see whether, in fact, it is p ossible to pro duce comprehensible and

insigh tful explanations of probabilistic reasoning.

Ba y esian Belief Net w orks

In
uence diagrams and Ba y esian b elief net w orks (BBN) pro vide con v enien t w a ys to

represen t a decision problem. These diagrams are directed graphs, in whic h no des rep-

resen t random or deterministi c ev en ts, decisions, or v alues. Arcs represen t in
uences,

that is probabilistic or informational relations b et w een no des [12]. The presence or

absence of arcs pro vide a qualitativ e represen tation of the conditional dep endence or

indep endence b et w een v ariables. The strength of in
uence is quan ti�ed b y a condi-

tional probabilit y distribution for eac h v ariable giv en its predecessors. Beliefs ab out

no des with no predecessors are c haracterized b y prior probabilities. There is no in-

heren t formal connection b et w een the direction of an in
uence arc and causalit y ,

1

but

it is generally most con v enien t to enco de in
uences in the causal direction, with e�ect

conditional on cause.

An example of a BBN is giv en in Figure 1. This BBN describ es kno wledge ab out

p ossible causes of sneezing of an individual visiting a strange house. In particular,

Sne ezing can b e caused b y a Cold or an A l ler gy to Cats . Both a Cat and a Do g ma y

lea v e Paw Marks . A priori b eliefs ab out the lik ely presence of Cold , Cat , and Do g are

1

The direction of arcs can b e rev ersed b y means of the Ba y es' theorem.
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Figure 1: An example of a Ba y esian b elief net w ork

describ ed b y their prior probabilities. The probabilit y of an y other ev en t can easily

b e deriv ed from these priors and conditional probabilities asso ciated with the arcs.

Probabilistic Inference Within BBN

Belief Propagation

A BBN in itself is a clear represen tation for sho wing the qualitativ e structure of

probabilistic dep endence and indep endence of a mo del. One w a y to explain inference

within a BBN, that w e call \b elief propagation", is to trace the impact of evidence

through the net w ork from no de to no de. Causal inference follo ws the direction of

the arro ws, for example observing c at w ould increase exp ectation of al ler gy , and

hence of sne ezing . Diagnostic inference go es in the rev erse direction, for example

observing sne ezing w ould increase b elief in the existence of al ler gy and hence of a

c at . In tercausal inference (or \explaining a w a y") is b et w een alternativ e causes of a

common e�ect. F or example, giv en p aw marks ha v e b een observ ed, observ ation of a

do g pro vides an explanation of the p aw marks and hence ma y reduces the evidence for

a c at . Suc h qualitativ e inferences can b e c hained along an y singly{connected net w ork

[6, 14 ]. Sem b er and Zuk erman [11] prop ose an algorithm for generating explanations

of quan titativ e probabilistic in teractions b et w een neigh b oring no des in a BBN, similar

to this sc heme.

Human Judgmen t Under Uncertain t y

If a computer system do es not use similar reasoning sc hemes to h umans, then it should

at least b e able to translate from its o wn represen tation to ones that are compatible to
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the w a y p eople think. As already men tioned, there is a large empirical literature sho w-

ing that there are serious discrepancies b et w een the w a y p eople estimate and pro cess

uncertain t y and the prescriptions of the axioms of probabilit y theory [8, 10]. These

studies ha v e found that p eople app ear to use simple, in tuitiv e strategies or heuristics

in estimating probabilities and pro cessing uncertain information. These mak e the

tasks cognitiv ely tractable, but often result in systematic biases and inconsistencies.

While this literature sho ws that Ba y esian inference is not a go o d descriptiv e mo del

of h uman reasoning under uncertain t y , it o�ers only w eak suggestions of what b etter

mo dels migh t b e. Despite common claims that alternativ e formal represen tations,

suc h as fuzzy logic or certain t y factors, are b etter mo dels of h uman reasoning, there

is little empirical w ork to substan tiate this.

Existing exp erimen tal comparisons of h uman reasoning and Ba y esian inference ha v e

concen trated mainly on simple situations, often with one h yp othesis v ariable and one

evidence v ariable. T o impro v e our insigh t in to p eople's plausible reasoning strategies

in more complex tasks, w e conducted a series of exp erimen ts using v erbal \think

aloud" proto cols of sub jects solving v arious problems under uncertain t y [1]. One in-

teresting �nding w as sub jects' prop ensit y to think in terms of deterministic scenarios.

A scenario is a sequence of ev en ts, that is outcomes of all relev an t v ariables, often

forming a coheren t, causal story . In one exp erimen t sub jects w ere giv en a v ersion of

the example presen ted ab o v e, told that sneezing and pa w marks had b een observ ed,

and ask ed what the e�ect on the probabilit y of a cold w ould b e of hearing barking.

Tw o plausible scenarios migh t b e: (A) \There is a dog, whic h caused the barking

and pa w marks, but no cat; the sneezing w as caused b y a cold" and (B) \There is a

dog, whic h caused the barking and pa w marks; there is no cold; but there is a cat,

whic h caused the allergy resulting in sneezing". W eigh ting of selected, most plau-

sible scenarios that included a h yp othesis, or its compleme n t, formed the basis for

judgmen t of lik eliho o d of that h yp othesis. Strategies resem bling this scenario{based

approac h app eared more p opular among the proto cols than sc hemes analogous to

b elief propagation.

Scenario{Based Explanations

Scenario{Based Reasoning and Ba y esian Inference

The scenario{based approac h can easily b e formalized in to a normativ ely correct al-

gorithm. The prior probabilit y of a scenario is equal to the pro duct of the conditional

probabilities of eac h ev en t conditional on its predecessor ev en ts (if an y). The prior

probabilit y of a h yp othesis is equal to the sum of the probabilities of all scenarios that

are compatible with that h yp othesis. Evidence, or observ ed no des, will rule out some
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scenarios as imp ossible; for example observ ation of sneezing rules out all scenarios

with no sneezing. The p osterior probabilit y of an ev en t, e.g. cold, is the ratio of the

sum of the probabilities of all scenarios with a cold and compatible with evidence, to

the total probabilit y of all scenarios compatible with the evidence. This renormal-

ization of the probabilities after eliminating imp ossible scenario is just another w a y

to apply Ba y es' rule. It pro vides a w a y of doing diagnostic inference, rev ersing the

direction of the in
uence arro w, b y p erforming what seems lik e only forw ard or causal

inference in assessing the probabilit y of scenarios.

Generally , a mo del with n uncertain binary random v ariables generates 2

n

p ossible

scenarios. Of course, due to our cognitiv e limitations, w e will not b e able to consider

more than a few scenarios, generally a tin y fraction of the n um b er of p ossible scenarios

in a complex problem. But fortunately , in man y problems the bulk of the probabilit y

o ccurs in just a few scenarios, and so considering only the most probable ones is

su�cien t for a go o d appro ximation.

Generating Scenario{Based Explanations

W e ha v e emplo y ed a scenario{based sc heme as a w a y to generate explanations of

probabilistic inference in b elief nets, as an alternativ e to b elief propagation. This

sc heme has sev eral adv an tages: Its basis in coheren t, causal scenarios seems to b e

compatible with the w a y p eople normally reason; it a v oids the diagnostic direction of

reasoning that is generally more troublesome for p eople [3, 13 ]. It com bines proba-

bilistic and deterministic reasoning in to a kind of p ossible{w orld logic. It also allo ws

w a ys to tradeo� b et w een the simplicit y and accuracy of the explanation in terms of

the n um b er of scenarios used and the fraction of the total probabilit y accoun ted for.

W e ha v e implem en ted this sc heme in a user in terface to a simple general purp ose

BBN{based DSS shell (Allegro Common LISP , MacIn tosh). This sc heme will b e one

among sev eral explanation and comm uni cation metho ds comprising an in terface to a

quan titativ e probabilistic reasoner, under a common name QIQ (Qualitativ e In terface

to the Quan titativ e). W e in tend to a v oid committi ng ourselv es to one single sc heme,

and treat scenario{based explanations as one of the p ossible w a ys of explaining prob-

abilistic inference, lea ving the c hoice to the user.

Generating an explanation in eac h case in v olv es iden tifying those no des (i.e. random

v ariables) in the b elief net w ork that are directly or indirectly relev an t to the h y-

p otheses of in terest. Often, man y no des can b e rules out using P earl's d{separation

criterion [4]. F or example, if the presence of pa w marks is unkno wn, then the dog or

barking are irrelev an t to b elief in the cat and other ev en ts, giv en the indep endence

assumptions expressed b y the diagram. If the cat is observ ed directly , then the pres-

ence of pa w marks, dog or barking, are all made irrelev an t. This can allo w substan tial
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simpli�cation of the inference and explanation problems.

The remaining set of v ariables is then used for generating scenarios, whic h are se-

quences of outcomes of eac h of the random v ariables in the set. Tw o of the 2

7

scenarios

in the complete example net w ork are: c old sne ezing no{al ler gy no{c at p aw{marks do g

b arking and no{c old sne ezing al ler gy c at p aw{marks do g b arking . F or su�cien tly small

sets, exhaustiv e generation of scenarios is feasible. The probabilit y of eac h scenario

is computed b y m ultiplyi ng the probabilities of its comp onen t ev en ts, conditional on

its predecessor ev en ts. These probabilities are easy to retriev e from the net w ork.

Scenarios are then divided in to t w o groups: those compatible and those incompatible

with the h yp othesis. A scenario is compatible with the h yp othesis only if it includes

the outcome in question. Explanations are based on selected scenarios from these t w o

groups. It selects for use the most probable scenarios that collectiv ely accoun t for

more than x% of the probabilit y of the h yp othesis. A t ypical v alue of this threshold

is 90%, but it is adjustable according to the tradeo� b et w een simplici t y and precision

desired. An example explanation generated b y the system for the example BBN is

giv en in Figure 2. It explains the probabilit y of a cold giv en sneezing, pa w marks,

and barking ha v e b een observ ed.

? (why 'cold)

Given:

Sneezing must have been caused by cold or allergy.

Paw Marks could have been caused by cat or dog or

another unknown cause.

Barking must have been caused by dog.

Scenario(s) compatible with cold:

A. No cat, therefore no allergy, cold, and

therefore sneezing. 0.38

B. Cat, therefore allergy, cold, and

therefore sneezing. 0.05

Other less probable scenario(s) 0.01

Total probability of cold 0.44

Scenario(s) incompatible with cold:

C. No cold, cat, and therefore allergy, and

therefore sneezing. 0.56

Therefore cold is almost as likely as not (p = 0.44).

Figure 2: Example of a scenario{based explanation

The explanation starts b y listing as \Giv en" the observ ed evidence and its relev ance.

It then giv es t w o lists of scenarios: those compatible and those incompatible with the
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h yp othesis. Although the underlying system's reasoning is quan titativ e, it can pro vide

n um b ers and/or v erbal phrases to express probabilities according to the preferences of

the user. Using n um b ers, it pro vides a summary of the p osterior probabilities in a kind

of ledger sheet comparing the con tributions of the scenarios. The total probabilit y

of the less probable scenarios (under threshold) is also pro vided as a c hec k on the

completeness of the explanation.

These mappings or con v ersion tables b et w een n umerical and v erbal probabilities ha v e

b een deriv ed from empirical studies in the literature [9]. The literature sho ws these

mappings to b e somewhat v ariable and con text dep enden t. T o allo w for this, dif-

feren t mappings can b e selected for the di�eren t net w orks, or di�eren t ones can b e

selected for eac h v ariable. Giving the n um b er to supplemen t or ev en replace the v er-

bal probabilit y phrase ma y b e more app ealing to some users to a v oid these con textual

complexities.

Exp erimen tal V eri�cation

W e tested b elief propagation{based and scenario{based explanations in a pilot ex-

p erimen t in v olving a sim ulated session with a medical DSS generating lik eliho o d of

breast cancer giv en patien t's risk factors and results of screening tests [2]. Three

groups of ph ysicians: c ontr ol , sc enario , and b elief pr op agation , analyzed three patien t

cases with system's assistance. The groups di�ered only in the explanations that w ere

giv en along with the system's answ ers (no explanations, scenario{based, and b elief

propagation{based explanations resp ectiv ely). W e tested the degree of learning in the

exp erimen t (a measure of understanding the explanations) after the exp erimen t in a

test in v olving similar simple probabilistic problems. W e measured the mean di�er-

ence b et w een the sub jects' estimates and the normativ e answ er. With four sub jects

in eac h group, w e obtained a di�erence in p erformance b et w een the treatmen t and

the con trol groups (p < 0.10), but no signi�can t di�erence b et w een the t w o treatmen t

groups. This pilot exp erimen t giv es supp ort for the h yp othesis that our explanations

impro v ed sub jects' insigh t in to system's reasoning, but w e did not �nd signi�can t

di�erence b et w een explanation t yp es.

Conclusion

In an attempt to con v ey probabilistic inference in a form more compatible with h uman

reasoning, w e dev elop ed explanations based on generation and subsequen t w eigh ting

of deterministic scenarios in v olving the outcome of in terest. This metho d lends itself

to automatic generation of explanations b y implem en ting it in an in terface to a DSS
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based on Ba y esian probabilit y theory . It also pro vides sev eral w a ys of con trolling the

tradeo�s b et w een the simplicit y and completeness of an explanation. Our studies

in v olving judgmen t under uncertain t y suggest that this metho d ma y b e compatible

with the w a y p eople usually think. Initial results ha v e b een encouraging, and w e are

no w engaged in a n um b er of extensions: T o pro vide explanations in more complex

net w orks situations, to incorp orate consideration of utilit y as w ell as probabilit y as a

criterion (e.g. lo w probabilit y scenarios resulting in death of a patien t ma y b e more

imp ortan t than higher probabilit y scenarios with b enign outcomes), to explore other

w a ys to simplify explanations, and to conduct more conclusiv e empirical comparisons

of their e�ectiv eness.
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