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I am honored by this opportunity to comment on the paper by Chan-
drasekaran and Dillard. Professor Dillard is a teader in the effort to pro-
vide automated assistance for the audit task, and Professor Chandra-
sekaran is a leader in deepening our understanding of the potential of
knowledge-based systems in general.

This paper brings together twa themes for which Chandrasckaran is
well known: the importance of studying generic tasks, and the value of
integrating Al and OR techniques. On both of these very sensible themes,
he deserves our applause. His work on them continues to be informa-
tive and influential. I will comment on the second theme, the integra-
tion of Al and OR.

I will argue that the terminology that Chandrasekaran uses in dis-
cussing this integration is not helpful. The algorithms that we find in
Al are not particularly “intelligent,” and the algorithms that we find in
statistics and operations research are hardly always “‘normative” or op-
timal. Algorithms are algorithms, and we are seldom able, in any field,
to label an algorithim optimal.

I will also argue for a wider role for probability than the role Chan-
drasckaran sees for it. It is a mistake to think that we are not using
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probability ideas just because we do not use numbers. Probability is
not really about numbers; it is about the structure of reasoning.

The Role of Optimality. A great deal is said about optimality in the
theory of statistics and in the theory of operations research. Does this
mean that practical statisticians, decision analysts, and other manage-
ment scientists generally use optimal methods? Or that they should do
so?

Optimality is also discussed in the theory of algorithms in computer
science. Does this mean that programmers use optimal algorithms? Or
that they should do so?

Of course not. Every field of engineering must seek frameworks for
evaluation—frameworks that allow us to compare methods and make
some judgments about which are better. Artificial intelligence is no ex-
ception. Most of the literature in artificial intelligence, like most of the
literature in statistics, operations research, and other branches of com-
puter science, is about such comparisons of methods.

Statistics and operations research frameworks sometimes allow us to
identify optimal methods—methods that are the very best. We are fond
of these frameworks. We emphasize them in our introductory courses.
But practical statisticians soon learn than they do not take us very far.
In the real world, we can never make the assumptions that are needed
to be certain that our methods are optimal. Usually we cannot even
make enough assumptions to be certain they are “admissible.” We sim-
ply look for methods that are reasonable. That is the real purpose of
the theory—to give us some pointers to recognize when some methods
might be more reasonable than others.

In summary, the concern for optimality does not distinguish statis-
tics and operations research from applied AL

What is Normative? Chandrasekaran also uses the word ‘‘normative”
to characterize the methods of statistics and operations research. Where

does this word come from?

The word actually belongs not to the probabilists but to the logi-
cians. In the latter half of the nineteenth century, logicians began to
distinguish between the “‘normative” and ‘“‘descriptive” interpretations
of symbolic logic. Logic may not be descriptive, they said, but it is nor-
mative. People may not think that way. But they should.

It is only relatively recently that this distinction between ‘“‘norma-
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tive” and ‘“‘descriptive” was introduced into statistics. The culprit was
If'J' Sa\{age. who argued in his book, The Foundations of Statistics ubt
lished in 1954, that it was normative to make judgments usin Be; ’eZi -
rules. People might not always think that way, he said, but thiy sl}:oulf:in

. The majority of statisticians, theoretical and applied, are not Bayes-
ians. This majority has never claimed the label “normative" fo? {ts
m(::thods. I'myself, since i am an advocate of a theory of subjective prob
abxlfty that is not Bayesian, have argued at length against Sa\;a e‘spno -
.matxve. claims; see, for example, Shafer (1986). And even manfr Bave;:
lans dissent from Savage's claims of normativeness for their methods

. The word “normative” is also inappropriate for most of the non-sta-
t{sllcal methods of operations research, What would it mean to call the
simplex method “normative’? The method has some optimality prop-

. Al
erties, but then so do hammers and screwdrivers. What would it mean
to call a hammer “normative’?

| It is true there 'is a cadre of Bayesian statisticians and decision an-
a ys‘ts who are teI‘lmg the Al community that Bayesian methods are nor-
mative. But in spite of the amount of noise they make, these people do

llOt l(,pI‘E‘ient GJOHW 1n th p If‘Seﬂ](:h com-
v am e Sta[lSUCS and o} CTBUOHS
2

. In summary, applied statistics and operations research is no more
nor'matlve" than applied Al Indeed, to the extent that applied Al il

applied logic, it has a greater historical claim tp the word “norma;' -

than applied statistics and operations research do. v

4"? the Methods of Applied AI Intelligent? Iam not among those wh

ridicule artificial intelligence by saying that its achievements h .
nothing to do with intelligence. The academic Al community has b:::
very productive, and it is no criticism of this community that the things

they have taught us should ; .
telligence, & now seem to lie outside the mystery of in-

' P.dl the same, I think it confuses rather than clarifies to use the ad-
erctxve 'mlellxgent" to distinguish rule-based systems and other prac-
tical Al ideas from other algorithms. Algorithms are algorithms

’ Rule-based systems were born amidst a burst of enthusiasm for th

idea that “people think like that,” but that burst was short-lived. N .
thgt we understand rule-based systems so well, it seems more .to S’lw
point to emphasize ways in which “people are different from this, " F ;
one thing, human reasoning is surely more associative. S
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Rule-based systems are one way of integrating relatively unstruc-
tured information, and people are not really very good at integrating
unstructured information.

Consider these two examples: (1) By linearly regressing the predic-
tions of clinical psychologists on the cues that these psychologists use,
one can obtain a prediction equation that predicts better than the psy-
chologists themselves (Dawes, 1979); (2) By formalizing the rules of
thumb used by cotton farmers, one can obtain an experl systems that
makes planting, irrigation, and pesticide decisions better than the farm-
ers themselves (COMAX).

Both these examples illustrate Dawes’s point thal “people—espe-
cially the experts in a field—are much better at selecting and coding
information than they are at integrating it" (p. 394). The computer is
better at integration, whether it does it using arithmetic, as in the first
example, or logic, as in the second exampie.

How to distinguish? How, then, can we distinguish the algorithms of
Al from thouse of OR?

We might talk about applied logic as opposed to applied arithmetic.
Or we might emphasize typical differences in the data used. A knowl-
edge base may not have the kind of repetitive data needed by a statis-
tical method.

Perhaps, however, we do not need to distinguish. Perhaps an algo-
rithm is an algorithm.

A Catholic Conception of Our Enterprise. There is a common enter-
prise shared by applied statisticians, decision analysts, applied Al
workers, and psychologists working in the area of judgment and deci-
sion making.

At the foundation of this enterprise are formal mathematical deci-
sion techniques—algorithms and heuristics; these are two names for
the same thing. But the emphasis should be on algorithm as process,
not on the optimality of its result; in Simon’s words, procedural rather
than substantive rationality.

The role of the theorist is to devise and to study these algorithms—
to try lo create frameworks in which they can be evaluated theoreti-
cally—sometimes even to create frameworks in which they can be shown
to be optimal.

The role of the applied psychologist is to study how people can and
An e theee alearithms—with and without assistance. Which algo-
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rithms do people tend to use and under what circumstances? Which
can they learn to usc effectively?

The role of the practitioner is then to put these algorithms to use,

taking what account he or she can of the abstract work of the theorist
and the empirical work of the psychologist.

Is Probability About Numbers or Structure? A year or two ago, | was
debating with an Al colleague the familiar issue of whether prohability
is needed in knowledge—based systems. He proceeded o tell me about
a fragment of a system that he was building without probability. There
was no probability in it, he said, because there were no numbers. In-
stead of numbers, he used a haif dozen words: certain, nearly certain
very probable, and so on. '

. Then, he drew me as picture of how he combined his evidence. a
picture something like this:

~
N

Physical

Health
History

Risk
Apparent
Episode

N~/

He combined evidence from a physical and a health history to get a
judgment about how much at risk of heart disease the palienl. was, and
then he combined this with the patient’s description of an apparent
angina episode to gel a judgment of whether the patient really had an-
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gina. It was this structure that was really important, he explained to
me, not probabilities.

This was too much for me. Probability, I retorted, is abogt strt.lcturc.
not about numbers. Probability is the theory f’f str.uctures like t’hls}one;
You have to use probability language to explain ti‘ns structure. \'ou 1al\;c_
to sav, “I can forget about Physical and Health History v‘vhen’ 1 Srr;—lc:ohh
binh;g Risk with Description of Bpi.sode .becaus.c P'tyxysxcal and Hea
History are independent of Description given Risk.

When I made that speech, ! felt I was telling my.friend S?methmﬁ
he should have known, but since then 1 have had llme' to abkbn?{?i ,
how any worker in Al, or anyone else who has not §tud_led pro a‘);l'l y
for ten years, could possibly know it. Is there anything in ou;t;:)?f:t mi
of probability that could alert the student to the fact that probability i
really about structure, not about numbers?

Look at how we teach probability. We start with ’the axiom:s c.)f‘ wha}
the mathematicians call measure theory. together with the definition o
conditional probability, P(A|B) = P(A&B)/P(B). No structure there.

When do we get to structure? We get to it as a very special t‘(')pic irt
some very advanced courses. An advanced course in s,tof‘c{xl?isui p:}(:e
cesses might get to the topic of Markov trees and Markov fields. ix .
fourth or fifth course in statistical inference, we get to p?th andlysls.
And in a course in Bayesian inference, we might just occasmnal]y t;avc;
the conundrums of parametric inference aside long enough to talk abou
hierarchical inference.

It is time—and 1 have been preaching this to the statisticians :and
management scientists—that we start bringing the idea of structure ;\r}to
our elementary teaching of probability. Here are four ways to do this.

Idea #1: Replace the definition of conditional probability with a theo-
rem. (Shafer, 1985.)

Idea #2: Replace the deFinetti-Savage arguments for normativeness with
the constructive philosophy. (Shafer and Tversky, 1985.)

Idea #3: Emphasize the axiomatic study of conditional independence.
(Pearl and Verma, 1987.)

Idea #4: Give the theory of Bayesian hierarchical infercnce'})rio'rity ove(air
Bayesian parametric inference. (Kelly and Barclay, 1973; Kmfen. Speed,
and Karlin. 1984; Pearl, 1966; Shafer, Shenoy, and Mellouli, 1987.)
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The Pitfalls of Ecumenical Work. In trying to bring together Al and
OR, we are doing more than combining techniques. We are bringing

together two academic communities—two different cultures. We are
doing ecumenical work.

Such work is always difficult. It is a struggle to establish a common
vocabulary and agree on a conception of a common task. Modes of
expression that seem innocent to a representative of one culture can be
full of tendentious and invidious meaning to a representative of an-
other, and human beings are always tempted to compare the ideals and

best practice of their own culture to the excesses and shortcomings of
a foreign one.

The hardest aspect of appreciating a foreign culture is understanding
the delicate relation between theory and practice. A practical person
learns a myriad of ways of adapting his culture’s theory and ideals to
reality. It is often hard for the foreigner to see the earnestness of this

adaptation, but it is often easy for him to see absurdities in the ideals
and hypocrisies in the practice.

Imagine what happens when an applied statistician locks at Al, and
what happens when a practitioner of applied Al looks at statistics or
OR. Both will look for understanding to the theory of the other field,
and both will be astonished by the excessive formality and intemperate
claims that they see. The statistician is apt to be astonished by the doc-
trine—earnestly argued by many theorists in Al—that a!l thought can
be encompassed by symbolic logic. The Al practitioner is apt to be as-
tonished by the doctrine—argued equally carnestly by many theorists
in statistics and operations research—that it is always “‘normative” to
use numbers. The practitioners know how much salt to take with their
own theorists’ claims, but it is hard for them to get just the right mea-
sure of salt to take with the claims of the theorists in the other field.

My suggestion is that practitioners in both fields will find it easier
to see how much they have in common if they dump the invidious
rhetoric of their theorists. Who needs the talk about “intelligence’ or
the talk about “normativeness’? Lel’s talk about algorithms.
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