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ENHANCING PERFORMANCE OF EXPERT SYSTEMS
BY AUTOMATED DISCOVERY OF META-RULES

Abstract 

Machine learning can be used to formulate new meta-level knowledge. A small MYCIN-like

medical diagnosis system was constructed as a starting point. Two heuristic methods are used in a

program called Meta-Rulegen to form meta-rules from the knowledge base in the diagnosis system.

In a preliminary study, 63 meta-rules were formed automatically and, by judiciously selecting a set

of meta-rules, the efficiency of the diagnosis system can be improved significantly without

degrading the quality of advice. This study suggests that meta-rules can be learned automatically to

improve the efficiency of rule-based systems.

1 Introduction 

The value of meta-level knowledge for guiding the invocation, construction, and explanatioi. of

object-level rules in an expert system has been demonstrated by Davis [2]. In this paper we explore

the use of machine learning methods for formulating new meta-level knowledge. extending Davis'

ideas about learning rule models. We have co..structed a small NIYCIN-like medical diagnosis

system as a starting point. One line of research (not reported here) is to learn new diagnostic rules

from examples. The research reported here aims at learning meta-rules that will guide the rule-

based diagnostic system by pruning and reordering the diagnostic rules, as in NIYCIN [3].

We are strongly motivated by the fact that meta-rules are important in systems with large

knowledge bases to avoid exhaustive search. Yet, human experts should not be concerned with

control issues as much as with domain knowledge. so it is desirable to automate the formulation of

control rules.

The performance program. called JAUNDICE. is a rule-based consultant with 141 diagnostic rules

that diagnoses likely causes of jaundice.1 and 80 non-diagnostic rules that are linked in a network

reflecting a taxonomy among diseases and causal links among events as suggested in [5]. N and [IL

I -
The perfomiance program is for prelimman. screening ot Juundk:e cases..Aithout recourse to results of insasbe tesis.

lb pertOrmance has been tested preluranarils 1.) 72 Jaundice c:ises coliccted from the literature and textbooks. unit the
diagnostic accurac:. b



Each rule has the same form as a rule in EMYCIN [71.2

Note that this paper reports on a 2nd-order learning problem (and not on the first-order problem of

learning new object.level rules) which is defined as:

Cken:
A set of object-level rules including:

inferential, causal, and taxonomic knowledge of

the domain.

Find:
Useful meta-rules that improve system efficiency

by guiding the invocation of object-level rules.

This paper first discusses design considerations and then presents implementation details of the

2nd-order learning system with preliminary results.

2 Learning Meta-Rules: Design Considerations

2.1 Format of Meta-Rules 

As in [21. we use two syntactic forms of meta-rules: pruning and reordering forms (see Figures 1 and

2). In fact, the distinction between these two forms is often blurred semantically. For instance, if

we say "Do Rule-Sea before Rule-Set2", and we succeed in our goal by- invoking only Rule-Set 1.

then Rule-Set2 is pruned anyway. As seen in Figure 1 or 2. the premise of a meta-rule has three

parts. The first part is the goal description which can be global. local, or curren. and, in our system.

the global goal is disease-entity. and local goals include: syndrome. pathophysiological mechanism.

etiology. etc. : the second part is a conjunction in which each conjunct is a predicate with a triplet

of attribute. object. value: and the third part is the description of concluded rule sets. The

description of the rule sets in the third parts of meta-rules may be by content or by name. Indirect

referencing (by content) is important to maintain flexibility and understandability. The learning

program also expands indirect references into a so-called name-referred form with an explicit list of

rule names. as seen in figure 7.

"But. Ae did not surt with EN." het.au,e Ae Aanted to k.:ep perfomum:e pv:ttram ,ininle Ind ,parse. 1i r:

impatantily. Ae w:mted to Juvment ate ,..ntax of the kn,)Aledge..isdew:ni.t.t.iltho‘e.



Meta-rule001
If 1. The goal is to conclude the disease of

Jaundice.
2. The indirect type bilirubin is not

dominant.
3. There are rules which mention in their

premise "overprod.Iction of bilirubin".
Then it is definite(1.) that each of these rules

is not going to be useful.

Premise:
(SAND (SAME JAUNDICE GOAL DISEASE-ENTITY)

(DIFFER LFT DOMINANT-BILIRUBIN INDIRECT)
(THEREARE OBRULES (SAND (MENTIONS PREMISE

OVERPRODUCTION-OF-BILIRUBIN)) SET1))
Action:
(CONCLUDE SET1 UTILITY NO 1.)

Figure 1. Example of a meta-rule in pruning form
created by META-RULEGEN. Upper part is it's English
translation; lower half is it's code in i\TTRtisP.

Meta-rule079
If 1. The goal is to conclude the disease

mechanism of Jaundice.
2. The Alkaline Phosphatase level

is greater than 15 B.U.
in serum

3. There are rules which mention
action "Cholestasis".

in their

4. There are rules which mention in their
action "Parenchymal-dysfunction".

Then it is probable(.8) that the former should
be invoked before the latter.

Premise:
(SAND (SAME JAUNDICE GOAL DISEASE-MECHANISM)

(SAME LFT ALKALINE-PHOSPHATASE >15B.U.)
(THEREARE OBRULES (SAND (MENTIONS ACTION

CHOLESTASIS)) SET1)
(THEREARE OBRULES (SAND (MENTIONS ACTION

PARENCHYMAL-DYSFUNCTION)) SET2))
Action:
(CONCLUDE SET1 DOBEFORE SET2 .8)

Figure!. Example of a meta-rule in reorderIng form
created by mETA-RULEGEN.



2.2 Utility Consideration of Meta-Rules

The main reason tbr incorporating meta-rules in a performance system is efficiency .3 Theoretically.

it is difficult to say how to measure the efficacy of meta-rules unless we delineate the concept of

Utility Value for the meta-rules. hich is also important in generating them.

2.2.1 Utility Value for Meta-Rules

The Utility Value of meta-rules is based on an analysis of costs and benefits. Intuitively. high

Utility Value is associated with high benefit and low cost. We define an absolute utility value based

on estimated savings in CPU time and then a relative value to normalize absolute values over object

rule sets of different sizes.

Absolute Utility Value of Meta-Rales

The cost of a meta-rule is the estimated CPU time to evaluate its premise. If the premise is true.

then its benefit is how much CPU time might be saved by pruning or reordering object level rules

under the guidance of the meta-rule. For simplicity. we first define unit cost to he "average CPU

time to evaluate one conjunct (clause) in the premise." Suppose there are n conjuncts in the

premise of the meta-rule. we define the cost of the meu-rule to be n units. (The performance

program may cease evaluation once one conjunct appears to be false.but our estimate will assume

the worst case.) The benefit will be how many object level rules are pruned out, if the meta-rule

succeeds (i.e.. if it's premise is true). The cost of using one object level rule will include CPU time

for evaluating its premise. and. if the premise is true. making a conclusion and doing the

bookkeeping. But. considering the least condition (i.e.. first conjunct is found to be false, and

evaluation is stopped), if there are m object level rules which are pruned away by the meta-rule.

then the least benefit will be m units. Again, our estimate assumes the worst case (i.e..least benefit).

Thus. if a meta-rule makes a successful and accurate prediction, then the gain (the ratio of benefit to

cost) will be "m/n". Now. the -thsolute Utility Value (abbreviated as ALA') is defined for a meta-

rule as tbilows:

3
We are not concerned here .A:th he ■Ise -.wide a dialogue. althi 'ugh human enstineerIng iNs;ucs are a:so

important. If he ire ee ii r.Lru unnt.ce,,ars qtiirns. hcme■er. the dialogue Ail' also appear I!, be
hetier

4



AUV = o/c x Freq.(prem.) x Cm

where,
b = Number of object rules pruned.
co = Number of conjuncts in the premise.
Freq.(prem.) = the estimated frequency with

which the premise is true.
CmR

4 
= degree of certainty of meta-rule.

This definition of AL V takes into account not only the cost and benefit. but also the frequency yvith

hich the premise is true over reference cases in a case library. (see Figure 6) and the degree of

certainty of the meta-rule. If the meta-rule rarely succeeds. it will haYe low utiiity. And. even if it

succeeds (i.e.. the premise is true), the prediction (conclusion) will be ■ ery uncertain if the degree of

certainty of the conclusion is very low. W hen the frequency information is incomplete. it can he

estimated in a Frequency Table that stores the number of cases (in the case library) for which each

single premise clause is true. For instance, if a premise mentions the presence of Attributel and

Attribute 2. then we can estimate the frequency of the conjunction by multiplying the frequency of

Attributel and Attribute2 in the reference cases under the assumption (default) of independence.

An example of calculatinte .AUV is shown in section 4.

Theorem 1: The threshold value for AUV such
that the expected benefit will be greater than
zero is:

AUV thr hold = 1 + c f(1 - CmR)/coes 

c : Penalty owing to the incorre2t
prediction by the meta-rule.4

co: Number of conjuncts in the premise.
This is the required cost to evaluate
a meta-rule.

b: Number of object rules pruned.
This is the benefit when a meta-rule

succeeds.
f: Freq.(prem.)
bexo: Expected benefit of the meta-rule.

C can4es from ')to 1. "Lr' mean, ..sn'. .s hale ". means "siztinnel■ :.es" It is .)ht,iined ft.:1m thimin

zper.
111Z

! ,An be computed Is dc!scrihed !n set.tion 2

21! 
C not 1. then the ntetu-ru:e mal. r! sometimes. And. the nou nut. 711,10 .

7.1R
xhich depe7co,-,n he t tent he s!..tem urd■!es art: :Lutes. !.1! the .stent t improper reor,1‘..r!ne.



(proof): CmR can be viewed as the estimated rate of correct predictions out of all predictions.

Theretbre. if the meta-rule succeeds (i .e.. the premise is true) and the prediction is correct, then the

net benefit will be "(b - co)". and if the meta-rule succeeds and the prediction is wrong, then the net

benefit will be "(-co - p)". Otherwise. the net benefit is •-c0" Hence. th-! etpected benefit is:

bexp = [(b-cp)CtiiR - (c0+cp)(1-cti)1f - c0(1-f)

Let h = 0. we get AL = 1 + c CmR)/co and this is the threshold ‘alue .AUVthreshold'exp

Lemma 1: IfCmR = 1' then AUVaireshold 1.

Lemma 2: If c = 0. then AUVthreshold =
 1'

Both Lemma 1 and 2 are very useful, because the threshold value is a constant 1.

Lemma 3: If AUV >> AUV reshold • then AUV can estimate the lower bound of expectedth 
benefit.

(proof): from proof of Thm. 1,

b /c = AUV - AUVexp o threshold

If AIN >> ALA'threshold'

then h /c AUV
exp o —

since co 1. AUV can estimate the lower bound

of expected benefit without knowing co.

Relative Utility Value of Meta-Rules

We also define Relative Utilit!, Value (abbreviated as RU) as follows.

A tjV

RUV = x 100

Number of total object rules

under the global goal

Three important aspects of Rt., V are:



1. RUV can estimate the relative improvement lin percentage) of the overall system
performance. Because the overall cost for system execution is parallel to the number of
total object rules. and . from l.emma 3 . .AUV can estimate the expected benefit of a
meta-rule . the ratio of the two can estimate the relative improvement of performance
by a meta-rule.

2. RUV is good for comparison of meta-rules from different systems. w hich have different
numbers of object rules.

3. RUV is more sensitive to reflect the real value of meta-rules. Because the object rule set
usually expands quickly as a performance program is being constructed. RUV is a more
important index to maintain useful meta-rules.

2.2.2 Selecting Useful Meta-Rules

Our heuristics for selecting useful meta-rules are as follows.

1. First. we use AUVLhreshold = 1 '

2. Second. we use RL \ to do further pruning.

Then. we select a useful set of meta-rules by removing redundant') meta-rules and from

experimental simulations.

2.3 Overview of Two Approaches to Learning Meta-Rules

2.3.1 From object rules

Starting from each object rule. the program uses information about three Well-kno■An medical
strategies [4] to determine if there could be useful meta-rules coverin g. this object rule and related

ones.

1) Rule-out mechanism: If there exists enoneh evidence contradicting a fact. then AC dUll bother
trying to confirm it or deduce other facts from it. If some evidence is against a tlICt then yv e
attempt to form a hypothesis: —1 hat fact and Ail possibly Associated facts with it may be ruled
out based on that evidence". and if this hy pothesis is justi tied by some e‘aloation criteria (e e..
Utility Value), then we succeed in our Attempt.

meta-ruie: )t.tei iucceed inrullane ins ,e% trek 4,■erlap. then th are 7:,!undart
13,,d1 the 'iretie'.. tnd irri.% are der.ned heuritic;.11y.



2) Rule-in mechanism: This is the inverse of the Rule-out mechanism. It says we should consider

certain facts first if some evidence implies doing so and this consideration is valuable with

respect to some evaluation criteria.

3) Differential mechanism: Physicians are often involved with the issue of differential diagnosis.

which is basically confirming one diagnosis from a set of possibilities to the exclusion of the

others. In part. this is the consideration that when there is more evidence suggesting Disease1

than Disease2. it will be reasonable to confirm Diseasel before Disease2.

2.3.2 From attributes

If one conjunct appears many times in the premise of object level rules. then it might be worthwhile

to evaluate this conjunct first. If this consideration probes valuable. then we keep it. A similar

syntactic approach can be found in [2] and [71: howexer. the difference is our explicit consideration

of utility, as described in section 3.

3 Implementation 

3.1 Overview of Meta-Rulegen

Meta-Rulegen is a second order learning program. which is written in Interlisp and runs on the

SUM EX-AIM. Tops-20 system. The learning of meta-rules is based on:

1. 141 object level diagnostic rules, which are the inferential knowledge base of

JAUNDICE. a Nlycin-like consultation system that aids in the diagnosis of causes of

jaundice.

2. Pathophysiological Taxonomy and causal links coded into SO non-diagnostic rules: from

these three semantic structures are built up:

a. Denying-tree (see Figure 3): a network of disconfirming associations. If one node

is denied, then. propagating along this tree, we know the degree of denial of

relevant nodes. 'The deny ing tree is constructed by recording pairs of indix idual

facts that are negatively linked in the object-level rules. For example. no

overproduction of bilirubin ( -P1) discontirms (1.0) hemolysis (D1).



. -06
I ,  

.-CI . C2v

.--=-J

J: Jaundice
Cl: Indirect bilirubin dominant
C2: Direct bilirubin dominant
PI: Overproduction of bilirubin
P2: Hepatocellular dysfunction
P3: Cholestasis
01: Hemolysis
02: Acute hepatitis
03: Chronic hepatitis
04: Neoplasm
D5: Calculous jaundice
06: Primary biliary cirrhosis

Rpm' Part of Denying-tree in META-RULEGEN.

b. Affirming-tree (see Figure 4): a netvvork of con firming associations. !Cone node
is suggested. then, by following the links in the affirming tree we know the degree
of implication of other nodes. The affirming tree is constructed by recording pairs
of individual facts that are positively linked in the object-level rules. For example.
overproduction of bilirubin confirms (.95) hemol.x sis.

.01 .02 .03
\.9"s4,T.
.P1 . P2
\ .95

. J

.04 .05 .06
2 v .5'.45"O5

Figuret Part of AFFIRMING-tree in META-RULGEN.
same notations as in Figure 3.



c. List of differential pairs (or groups) and mutually exclusive pairs (or groups) (see

Figure 5): lists of incompatible diagnoses and findings. This list is constructed by
recording pairs of individual facts that are incompatible (and often easily
confused) with each other as reflected by the object-level rules. For example.

hemolysis should be differentiated from Gilbert's disease (congenital conjugation

defect). because they are similar in the aspect that urine bilirubin is negative.

((Hemolysis Congenital -conjugation-defect)
(Hepatitis Calculous-jaundice)
(Primary-biliary-cirrhosis Calculous-jaundice)

Figun.5. List of differential or mutually
exclusive pairs (or groups).

In these three structures, the current implementation allo.ws no conjunction or

disjunction in each node. i.e.. each node represents a s:ngle fact.

Oa

3. Heuristics: the whole procedure for learning meta-rules (see section 2.3). The

frequency table w hich is constructed by recording frequencies of attributes over the
cases in the case library (see Figure 6) is also used to guide the program.

(Acute-course .5)
(Malaise .7)
(Chills .08)
(Marked-body-weight-loss .1)

Figum6. Frequency Table. Each sublist contains
an attribute with its frequency in the case
library.

3.2 Algorithm 

The search space of all possible meta-rules is roughly equal to the number of combinations of legal

aunbute-value pairs in the existing set olobject rules. II all .atributcs %%ere binary. this is the power

set over n attributes. In the JAUNDICE program. Pi is 56 . f.tributes in the 141 diagnostic rules

(wine attnbutes have binary values, and others hay e multiple %allies). The search is greatly

constrained from the start by setting up the affirming tree and denying tree. which represent

positively and negati, ely confirming linki among attributes (and yalues) :dread y noticed in the set

Of object rules.



There are two different parts of the algorithm, both of which are e‘ercised. In our preliminary

experiments we have taken the union of the two sets of meta-rules as the result. The algorithm is

described for the separate approaches.

3.2.1 Approach from object rules

Form meta-rules on the basis of each indkidual object rule (of 141 diagnostic rules) as flanks.
Collect all object rules and form a set S. Take out the first element from S and do the following

procedures: also delete this element from S.

• Step 1. Form the second part of the premise (conjunction of predicate with
attribute- object- value triplet) on the basis of the premise part of the object rule. From
the discussion in section 2.3. we note that a piece of oidence (premise in the object
rule) is a plausible starting point to generate meta-rules

• Step 2. For different conditions:

• a) Formation of pruning form meta-rules

3 i) If the object rule confirms some fact.by climbing the affirming tree. we know
what other facts also are implied, with decrees of certainty calculated h■
propagating the uncertainty along the tree.7 Thus. the third part of the premise
will be those rule sets mentioning "presence of these facts". and these rule sets will
be concluded to be useful in the action part of the meta-rule with degree of
certainty calculated as described (see "Rule-in mechanism" in section 2.3.1).

o ii) lithe object rule disconfirms some fact. by climbing the denying tree, we know
what other facts are also denied. with degrees of certainty calculated by
propagating the uncertainty along the tree. Thus the third part of the premise will
be those rule sets mentioning these faccs.and these rule sets will he concluded to
be useless with degree of cc tints calculated as described. (see "Kule-tqlt
mechanism" in section 2.3.1)

Note that in both (i) and (ii). more than one meta-rule wiU be formed. iili:rc .1
merging process in step 5.

7
Fir ex:filmic. if A imoile 13 A ith Jr • .trid H U Aith .kvree ,:en.tint. Liv:n A '

A 't.h degree 't . 4 = 24



• b) Formation of reordering form By looking at the list of differential pairs. we know.

for instance. Factl should be differentiated from Fact2. If the object rule confirms

Factl. then under the premise of this object rule, Factl should be pursued before Fact2.

Thus, the third part of the premise will be rule sets mentioning Factl. called Setl. or

Fact2. called Set2, and it is concluded in the action part that Sea should be invoked

before Set2 with degree of certainty approximately equal to the decree of certainty of

the object rule. Similarly. we can figure out the process it' the object rule discontirnis

Factl (see "Differential mechanism" in section 2.3.1).

• Step 3. Form the first part of the premise (the goal description) on the basis of the

mentioned facts in the third part of the premise (the description of rule sets). For

example. in Meta-rule079 (figure 2). the reordering of two facts: "cholestasis" and

"parenchymal dysfunction" has to do with the conclusion of the subgoal "disease

mechanism".

• Step 4. Calculate the Utility Value for each newly formed meta-rule, and filter out

those with AU' being less than 1.

• Repeat the whole procedure until the set S is empty.

• Step 5. Meta-rules are further selected by RUV and verified by experimental

simulations. Then, merge the meta-rules. If two meta-rules have the same first and

second parts of the premise and their conclusions have no (or little) overlapping with

respect to the concluded rule sets. then (a). add their descriptions of concluded rule sets

to form a description of a new rule set and (b). add their conclusions (actions) to form a

new conclusion (action). The Utility Value of the merged meta-rules is defined as the

sum of the Utility Value of the individual rules before merging. Also, the redundant

meta-rules are removed.

Example I.

In the following descriptions, the notation
"-" means "absent" or "denied".

A set of object-rules:

.7
RI: Al -> -Si

.6
R2: A2 52

12



A part of denying tree:
1

-S1 -> -M1
I.

-S1 -> -M2

Form potential meta-rules on the basis of RI:
By propagation of implications:

7
Al -> -M1

.7
MRI: Al -> Rules mentioning M1 are useless

Similarly,

.7
MR2: Al -> Rules mentioning M2 are useless

(Note that "MR1" can be interpreted as:
"If attribute Al is present,
then any rule mentioning presence
of M1 will be useless.
with degree of certainty .7",
since M1 is denied by Al.)

Calculate the AUV as shown in section 4.

If both MR1 and MR2 are determined to
be retained after selections and their
conclusions are little overlapped.
then they are merged as:

7
"Al -> Rules mentioning M1 are useless

7
-> Rules mentioning M2 are useless."

<Note:>
If a part of the differential list is:

"((M1 M3)   )",
then a potential reordering meta-rule can be
formed:

.7
MR3: Al -> Rules mentioning M3 00BEFORE

Rules mentioning Ml.

since M1 is denied by Al.

13



3.2.2 Approach from attributes

Collect all parameters (attributes) to form a set S. Take out the first element and do the following

procedures: also delete this element from S.

• Step 1. Form the first part of the premise. This is usually the main goal of the system. if

there is only one main goal.

• Step 2. Form the second part of the premise by "presence of the parameter". and

collect all object rules whose premise fails immediately because of "presence of the

parameter". Thus. the third part will be those rules mentioning the presence of the

parameter in their premise. and it is concluded in the action part that these rules will be

useless with degree of certainty 1.

• Step 2'. Form the second part of the premise by "absence of the parameter ", and do

the similar procedure as in Step 2. (Note: we try to form two meta-rules for each

attribute with this approach.)

• Step 3. Calculate the Utility Value of each newly formed meta-rule. .ind tilter out those

ith ALA being less than 1.

• Repeat the whole procedures until the set S is empty.

• Step 4. ‘leta-rules are further selected by RUV and verified by experimental

simulations.

Example 2.

A set of object-rules:

R1: Al & A2 -> Si

R2: Al & A3 -> S2

Form potential meta-rules on the basis Al

MRI: -Al RI. R2. . uselass

Calculate AUV

14



4 Preliminary Results 

Sixty-three rules were created by Meta-Rulegen. About ten were formed by the approach from
attributes and the remainder by the approach from the 141 rules in a preliminary version of the
JAUNDICE system. About fifteen rules were reordering rules (all formed by the approach from
object rules) and the remainder were pruning rules. (Figures 1 and 2 show one pruning rule and
one reordering rule produced by the program.) We expand the rule sets into explicit lists of rules
(Figure 7) to compute Utility Values of %I RO1 in figure las follows.

ALV as: fx .97 x 1 = 19.4 and

RUV = 19.4 x 199 = 13' 76141 

Premise:
(SAND (DIFFER LFT DOMINANT-8ILIRURIN INDIRECT))
Action:
(CONCLUDE (R79 R78 R61 R20 R19 R18 R17 R15 R13

R12 R11 R10 R9 R8 R7 R6 R3 R109
R117 R113)

UTILITY NO 1.)

FigUN2 7. Name-referred form of meta-rule in
Figure 1, in which the intensive definition
of the concluded rule set is replaced by an
extensive definition.

Table 1 shows the distribution of Utility Values among the 63 meta-rules. We informally confirmed
that Utility Values are a reasonable standard. by looking at the medical significance of meta-rules
(as found in the literature). We found that meta-rules with high Utility Values usuall■ have hitth
medical significance and conversely.

15



Table I. Distribution of R.U.V. of 63 meta-rules
created by META - RULEGEN.

RUV Total

< 5 5 - 10 > 10

Number of
meta-rules 48 8 7 63

In addition, we performed a simple experiment to determine the effect of using some of these

meta-rules in the JAUNDICE program. We selected 20 representathe cases (non-randomly. but

preserving the relative frequencies of diagnoses) among 72 cases collected from the literature, and

ran them in batch mode in the JAUNDICE program. We measured the efficiency before and after

incorporating different meta-rules. Table 2 shows selected portions of the outcome from which we

see that the predicted Utility Value generally parallels the observed enhancement.

Tahle2. Relationship between Utility Value and
enhancement of system efficiency as determined
from 20 cases run in JAUNDICE program (batch
mode) with selected meta-rules.
(Lisp time: Lisp interpretation time)

A.U.V. R.U.V. LISP

time
(sec.)

elhanceme7i-t7
(percentage)

with MR01 19.4 13.76 271 15.34

with MR34 13.07 9.27 293 8.44

with MR40 11.5 8.1 298 8.94

with MR07 1.94 1.38 330 -3.14

with MR01 & MR34 258 204

witn MR01 & MR28 & MR37 &
MR40 & MR45 & MR46 121 62,',

without metarule 32) NA

Fhe moq iturortant ree;iled in 1 t-!e is the ihatiwt ot. t.o niin-merlapriti2, (non-

If)



overlapping of their concluded rule sets) meta-rules (e.g.. NIRO1 & MR34). This important

property can be proved formally (yet. we neglect the proof here). and it indicates that. by carefully

selecting a set of useful meta-rules. overall system performance can be improxed greatly (e.g..

MR01 & NIR26 & MR37 & 1R4O & MR45 & NIR46). How o er. there seems to be a limitation of

the enhancement by combining several meta-rules.

Improved efficiency is only desirable in our system if there is no significant loss in performance.

Thus. we compared the quality of the performance with and without meta-rules by. asking whether

the top disease diagnosis given by the system was the same as the expert's diagnosis and whether the

associated degree of certainty was "close" (i.e.. within .15) to the expert's confidence if the top

diagnoses gixen by the system and the expert are matched.8 The results show nearly complete

coincidence: the only. one imperfect match exists in an ambiguous case. in which two top diagnoses

are given without meta-rules and only one top diagnosis is given with meta-rules. These results are

expected because the meta-rules simply reorder the inxocation of object-rules. It' no certain

conclusions are made. all object-rules will be activated any way

5 Conclusion

Intelligent control of inferences is important in knowledge-based systems for reasons of eltik..iency

and human engineering. especially when knowledge bases become xery large. In both cases.

focusing the attention of the performance program can be accomplished by reordering and pruning

elements of the knowledge base before invocation.

We have presented a general method for discovering meta-level knowledge that can be used to

control inferences of In underlying performance program. The demonstration of the method is in

terms of a rule-based representation of both object-level and meta-level knowledge. but we belie% e

there is nothing specific to a rule-based representation in the method itself. The method depends

only on representing the elements of the knowledge base in a network, with each node represk:nting

a fact and each link representing an inferential (or evidential) relationship between fact... In the

case Of a MN CIN-like rule base this means ‘onstructing three additional knowledge structures from

'In the SEEK pr oirufn the :op mt,tiel r.,:c,rnpared A ah the r!xperi ht.% c, er. the ;.-■rv.:N.
n, ,onl:Je;-.:Lt



the rules themselves: an affirming tree, a denying tree and a table of differentials. These are explicit

networks derived from the object-level rules showing facts that are positke evidence for other facts.

negative evidence for other facts, or means of discriminating between two facts.

These three knowledge structures are analyzed in order to determine sets of nodes and links in the

whole inference network that can be safely ignored in some contexts because they are seen to be

ii relevant (i.e.. false in those contexts). Similarly, the analysis can show parts of the network (sets of

rules) that should be examined before other parts because that will increase efficiency.

From another viewpoint, the analysis mechanisms (Rule-in. Rule-out and Differential) are

conditional search strategies because they help to select from a large stored know ledge source the

best knowledge to apply. Meta-rules are just heuristics to select good and useful object rules. and

Utility Value is one criterion for weeding out heuristics. Although we have designed our system to

use degrees of certainty, an exact system without uncertainty can also be handled. It is an extreme

case of a system with uncertainty in which uncertainty is quantized into two levels: True and False.

In summary. the concepts described in this paper can he easily extended to other Al systems

because:

• Mechanisms such as. Rule-in and Rule-out, partition the reasoning network into smaller
sets of knowledge and remove the useless ones. They can serve as the basis of forming

both control and search strategy.

• Additional knowledge structures separate confirming and discontirming links in the
inference network. The nodes in these structures can be any fact in the ,Aorld.

• The rules are not necessarily written in a MYCIN-like format. \loreo% er. kno■■ ledoe
can be represented in other ways, for instance, in a semantic net.

• The method used to handle uncertainty. is not important. We ma■ oen use no
uncertainty at all.
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