e EE

7¢-3

{
i
|
i

.

IR S

+ b Mmoo
«

[PREIE

)

713 v A 150

MCEL PAPTR

A MULTI-STEP FORMATION OF VARLABLE

TO 75% COPY

i

VAIUED IOGIC HYPOTHESES

James larson
Department of Camputer Science

University of Illincis at Urbana-Champalgn
Urbana, Illincis 61801

A multi-atep method for forming verisble valued
loglc hypotheses is given., An experiment applying this
method to a problem in medical diagnosis is deseribed.
The regults are campared to those of a direct (one-
step) method and to a classical Bayesian approach.

Introduction

The understending of many phenonems depends on a
contiming process of forming hypotheses which explain

"variocus observations and correcting or expanding them

to be comsistent with new observations., Although the
actual process which human beings use to formulate
and modify hypotheses and to make decisione is not
well understood, it cen be appraximated by applying
certaln formal rules of inference to specific facts
and cbservations in order to furm generalized descrip-
tions of these facts and observations. This paper
contains a brief description of & computer implementa-
tion of such a process using the variable valued logic
gystem “‘1 Some results of the application of this

method to 2 pattern recognition problem in medical
diagnosis are included to demonstrate the feasibility

_of the method.

The VLl systen has‘ been applied to other pattemn

recognition problems [Micha.lskisl with promising
results. It has been shown that simple, easily undere
stood deseriptions can be inferred from sets of
objects and used to classify new objects sccurately.
A camputer system which uses such descriptions as a
basis for glving advice must be able to generate and
update its descriptions as new cbservations are made.
Cne of the methods for mesintaining these descriptions

is described here (see [Cuneoh] for another approach).
This method uses the hypotheses which are consistent
with observations and facts which are available when-
ever possible and returns to the cbservations and
facts to correct hypotheses which sre inconsistent.

Hypothesis Generation and Updating

A1l facts and events (observations) are expressed
in the variable valued logic system VI:L The system

is desoribed in detail in [Michalski®]; here we will
only briefly review some of the most basic concepts.
The language provides a formal and flexible mediun
for expression which can be easily applied to real
phencmena, Descriptions in this language are formal
to make application of rules of inference possible.
The descriptions use a very natural set of cperstors
to relate expressions in the language to real situa-
tions, ZEach vmriable Xy and formula v is assigned

its own domain (sizes di and d, respectively) from

which it can draw its values. The domain for differ-
ent variables may vary in size and structure to
reflect the properties of the associated variables.
Expressions in the langusge may be composed of
variables, symbols and a set of operators (&, V,~_).
An example of an expression in the language is the
following:

3(x) = 1:3] [x, = 2,6] v 2x, = 11 ~o(xy = 0]

and Fl based on the given eventa e, and e

An expression in the VLl can assume values from a set

{0,1,2,...4) where each value may be interpreted as a
degree of certainty that the formula is true or degree
of certainty that objects belong to a certain object
set, The above expression takes the value or degree
of certainty 3 when the variable Xy has the values 1

through 3 and x, has the values 2 or 6 or if this is

not true, then the expression assumes the value 2 wnen
x, equals 1 except when x3 has the value O. If neifther

of the above expressiona is satisfiled, the entire
expression has thg velue O, The operator 'v' takes
the paximm of the two operands so if both terms are
satisfled, the expressiom taks the value 3,

Descriptions can be inferred from sets of events

and facts as follows (Michalskie]: Suppose events
{i.e., representations of objects) are represented in
the event space E = (2,3,3) (i.e., E is a cartesien
product of three variables where variable X, may

assume 2 values, and variables X, and, x3 may assume
three values). Let ey and, ey be sample events from the
sets of events I-'o and E‘l, respectively.

e = (0,1,1) e, = (0,2,0)
Then the expressioms (x3 = 1) and (x2 = 2) are
olausible discriminant descriptions of the sets F°

Suppose

now that a secend event e! of the set FO is given:

(o}
e(‘) = (0,2,1)

Then the above descriptions are not consistent with the
available facts, namely the event ec’) of set

FO satisfies the description for the set F]‘. The
expression [x_5 = 1] describing P is correct, but the
description for F' must be modified to form

[‘2 = 2]\.-[::3 = 1] or a simpler expression {xB = C].

A few programs have been developed which infer VL/1
expressions of various types from facts or from other
VL, expressions (denoted AQVAL/L programs). Among

these programs is UNICLASS which generates the
description of a set of events against 1ts complement

{‘z‘uene]. AQT is the original and currently the mos%
flexible program which infers discriminant exvressions
from sets of events which are near ovtimal with resvect

to & user specified criteria list [larson, MichalskiT].
AQ9 infers discriminant descriptions from sets or

events or formulas or both [Cuneo+]. SYML infers \.-’Ll

expressions which are composed of symmetric selectors
(1.e. selectors of the form {x1+x2=3) or (xléx&?,})

vhere + 18 the arithmetic sum and xh means x,
complement defined as dh'xh)' A new program denoted
AQll will be deascribed here.
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The program AQLl accepts disjoint sets of events
and facts along with sets of hypotheses where each
hypothesis is a deacription in VLl of one event set

{at least in part). The hypotheses asre first

corrected in order to resolve all inconcistencies

(1.e. to insure that a hypothesis for one set doesn't
explain or ’cover' an event from another set). ‘Then
nev formulas are formed based on the given events and
the new corrected hypotheses. Finslly, an estimate is
made of the degree to which each hypothesis is expected
to describe the asaociated event set.

The process of correcting generalized VI.l

expressions requires that some expressions be reduced
to cover or describe fewer facts and that some of the
expressions be expanded to cover new facts not
covered before. Fach of these operations can be
earried out by extending the expression using the
operators already introduced (namely %, v,~v). The
first type of correction can be realized by appending
to each formula a description of the events which are
inconsistent with the formula. That is, if the events
1 0

e and ) of the set F~ are covered A’by a formula g
wvhich is supposed to cover only known events of ¥,
then one can form a description mt° of the events e
and e, against the events of FO-. Appending this
description of the exception events to the expression
?0 gives O E:Xo. (A cover or description of an
event set El againat a set of events or formulas EO
denoted C(E]'IEO) is an expression which describes all
the events of E]‘ but none of the events or formulas

in EO.) Application of this process to each formula
and each set of events gives a consistent set of

formulas (i.e. each formula Vj'\r‘:':xiL covers events of

1

ouly one event set I-‘1 and no others).

Each of these consistent expressions can be

expanded to cover events which were not covered earlier |

(but should now be) by appending a description of
events which were not covered (using the v operators).

let us denote these new expressions V= [Gi} where V'

covers completely the event set Fi but no other event
sets. This set of formulas iz a complete description
of the available facts. We now search for a simpler
set of complete expressions.

Since each step of the correction process has
thus far increased the complexity of the expressions,
some refinement of the formulas is now in order. It
is evident that the area of generalization of the
original formulas was in error {or else no correction
would have been necessary). The formulas have been
corrected at the expense of increased complexity of
the descriptions. Because the set of formulas is now
consistent, some refinement of the formulss can be
performed at little expense. We can form new
deseriptions which are once again simple and

correct by covering each complete set of events Fi
against the corrected set of formulas (except the

formulss for Fi) quite economically.

This completes the formula correction phases of
the hypothesis correction procedure. It may be helpful
to now study a simple example of this process.

Consider the event space E = (3,4,2) {a cartesian
product of the domains of 3 variables X1 X x'i having

3, 4, and 2 elements reapectively, where the elements

P S S . 1D /5% WKy

of each domain are not ordered)}. Assume that two sets
of facts (Fl and ?2) are known and for each set
{i=1,2), an hypothesis vi is given.

Set 1 Set 2

?lg e - (1,0,0) F2: [ = (2,0,0)
1,1 2,1
&2 " (1,2,0) ®%02 " {2,0,1)
&5 (1,3,0) €3 " (2,2,1)
‘1,1‘ = {0,0,0) ea’h = (0,0,1)
&5 = (92,0 ¢, 5= (Li31)

vh [z = 0,1] v (x, = 2]

The formulas Vl and V2 may have been formed at a
time when only the first three facts of each set

F]' and 5‘2 were known. Now, two new facts have been
added to each se}: and the formulas are no longer

correct. The formula vl still desqr:lbe's all events in
the set Fl but also covers two events in the set ?2
The formula v2 describes only three events in the set

FE. The formulas could be corrected in several ways.
The original hypotheses could be discarded and new
formulas created based on the facts alone. A procedure
for doing this is given by Michalski in [2]. This
could be called a direct method (or one step metkhod)
and can be quite time consuming if the sets of facts
are large {e.g. 100 to 200 events per set). A second
approach is to simply modify each hypothesis by
appending facts using the appropriate operators (~v
or v). For this example, the resulting formulas
would be:

vl\"(ea,h v ee’s) and v2 Ve, Ve .5

These expressions are quite complex and fail to
generalize the new information in the facts €
¥

82,5.

and

The approach taken here is to first generalize

the exceptions to Vl Using a VL form of de Morgan's

laws, an expression can be formed which covers &y
td
but none of the events of Fl. This expression is:

({x) = 0,2] v [x5 = 1N(x =02 v [x, = 0,1,3] v
[z = 1])([x) = 0,2] v [x, = O,1,2] v
(x5 = l])[x-5 = 1l([x, = 0,1} v [z = 1])

Performing the indicated operations and applying
absorption laws, this expression reduces to

{xy = 1]
Since this term also covers €5 5 it is a description
2
of all exceptions to V‘l. Simpler expressions for the
correction to the formulas vl and V2 are:

[x1 - 0,1]\,[!:3 = 1] and [x1 = 2] v ea’h v °2,5

Nov, using & similar method, the formulas V*
and v2 and be generated

al 1
V- = C{F l[xi =2]v €V e2,5)
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V. C(fa'l[x,. = 0,11 Axy = 1])

e [z = 01](xy = 0]
?u[xl-2]v[x)-1]

These expressions are simple and consistent with

respect to the sets to facts Fl and F2 It is
interesting to now investigate the discriminant
capabilities of such formulas.

Formulas which are generated by inductive
inference to describe event sets are actually
generalizations of specific examples of each set
which are simple with respect to the available operators
and the specified criteria. These formulas may indeed
be very far from an accurate description of the actual
events set. There may be, in fact, no simple
description using the available set of operators and
cost criteria, and no matter how much effort is spent
in the formation of simple descriptions, they will not
describe the assoclated event set well. An estimate
of the degree to which formulas describe the associated
eévents set is, therefore, crucial to the credibility
of the resulting hypothesis. This estimate can be a
description of the past performance of the formulas
for each event set from previous correction steps, or,
88 described here, a description of the performance of
the set of hypothesis when applied to the problem of
classifying a separate set of events (a testing set) of
known set membership.

Two criteria describing the degree to which a get
of hypotheses is able to classify a set of events are
presented here. The first criterion, the percent
correction classification for each hypothesis is
calculated as follows: For each event in the testing
set, the degree to which a formuls describes that event

is computed [Larson, v;lchelski?]. The event is assigned
to the set(s) whose formula(s) comes closest to the
event. If one of assigned decisions is the set from
which the event was selected, the decision 1s correct.
The percent correction decision is then the

percentage of events in the testing set which were
given the correct assignment.

An event in the testing set may come close to
more than one formula resulting in multiple decisions.
Thias ability to give multiple decisions is most
deairable; however, if the testing events are known
to reside in only one event set, this behavior should
be minimized. Therefore, the second criterion which
13 used here is the average number of decisions for an
event. The combinastion of a high percent correct and
& low nmumber of decisions per event is then the measure
of the discriminant capabilities of the formula..

Another measure of the quality of VLL expressions

is their complexity (the simpler the descriptions are,
the easier they are to comprehend). Two such measures
of complexity are used here; The number of terms in a
formula, and the average number of selectors in each
term of the formula. The experiment described below
evaluates each of the above criteria to give an
indication of the quality of the expressions which
are inferred by the program.

Application to Medical Diagnosis

The program described above has been applied to a
problem of distinguishing cases of different liver
diseases. The data used in the experiment was supplied

Ny

Yy Dr. James Croft from the University of Utah

{Croftsl. This data was originally collected by
Professor Klatskin at the Yale University Medical
School. Three diseases were selected from the data
for this experiment:

Symbol Diseases Name
(P} Post Necrotic Cirrhosis
() Granulomata
(F) Fatty Liver

The total set of cases for each digease was separated
into a training set and a testing set as given in
Plgure 2 (Cols. 3,4). Fach case is represented by
values of 50 signs and symptoms in Figure 1., A
simulation of many applications of this hypothesis
correction has been performed in this experiment and
the decision making capabilities of the resulting
expressions are compared to those of a set of
expressions which were inferred from the complete set

of training facts directly [Michenlsk:i5 1-

The complete training set was partitioned into
five gets of events each consisting of 204 of the
complete training set. Five sets of hypotheses were
inferred in five stages as follows: An initial set of
hypotheses was obtained from one of these sets and the
decision making capabilities evaluated with respect to
the testing set. Then, each new set of training data
was merged in turn with the previocus training set and
the previous hypotheses to form new expressions. Zach
new formula set was applied to the testing set to
evaluate the performance of the formulas (Figures 3, k)
and statistics about the complexity of each new set of
expressions were calculated (Figures 5, 6). (At each
stage, the hypotheses from the previous stage are
used in addition to the set of training events. As
an alternative method, new formulas could be generated
using only the hypotheses from the previous stage and
the events not yet classified by the old hypotheses

[Cuneoh].) In these figures, the abcissa represents
the total amount of training data which is available
at one stage. The value for each disease is indicated
by the point on the graph with the corresponding
symbol (P,F,G). To show the change from stage to
stage, the points for each disease are connected with
dashed lines. An example of an expression describing
Post Necrotic Cirrhosis is the following:

Description of P using 20% of the training data -

(x)q = 0){xy, = 0)[x,, = Ollxg = 1] v

(xpy = Ollxy, = 0l[%;5 = 1,2](xy; = O][xy, = O,1]
(g, =11V

(%50 = 11[xg5 = 0,11[x,; = O,1](xy5 = Ol[xy5 = 1,2]

The results were then compared to those formulas
which were obtained directly from the complete
training set {Figure 2, Cols. 5-8). It is clear
Trom these results that as events are added to the-
training set, though the complexity of the expressions
increagses somewhat, the decision making capabilities
also increase to form a more unigue correct description
of each disease. Figure 7 gives the computer time
required to form each new set of expressions.

Although the time incresses slightly as more events
are added to the training set, the time for the last
stage (15 sec.) is significantly less than the time
required by the same program to infer formulas directly
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from the training set {without the aid of the

ly generated hypotheses -- 1 min., 20 sec.).
Therefore, if some hypotheses are available, new
corrected expressions can be generated efficiently
using this method.

0 make a comparison of this new method and a
classical pattern recognition method, & parallel
experiment was performed using the same data as before
but now using Bayesisn statistics to distinguish one
event set from another. (The Bayesian method has been
shown to be as accurate as several common pattern

recognition methods [Crof‘tsl.) The Bayes description
for each event set (assuming that all symptoms are
independent) is a function of conditional probabil.
ities generated from the training set as follows:

n P(x =e |4 = k)
Gy(e) = P(d = k|x = ) = P(x) « (e)
i=1l P

where

e = (cl, oy eeery } is a particular event or case which
13 to be clasgsified (e value of

1 variable or syupton)

P(d = k|x = e) 18 the probability that an event e
will be of the event set kX (in this
experiment, e is a particular case
of & disease k).

P(k), P{e) a priori probability of an
occurrence of disease k and event
¢ {assumed here to be 1).

probability of observing variable
value e, in an event of set k.

A decision 1z made by calculating Gy(e), G(e)
and GG(e) and selecting the disease with maximum

probability. The conditional probability matrix
P(x =€ |d = P) using 20% of the training data (the

Bayesian counterpart to the VL, description above) 1s
given below:

P(xi - eild = X)

1?(::‘,L = 3jjd = B)

"(’ﬁ Variable (x,)
VAL X 1 x 2 - x % X & x 7 X & X 9 x19
50 38 0,838 0.69 0,50 0,57 0.63 2.69
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For comparison, this decision process was applied to
the same sets of training events used in the f{ive
stages above {Figure 8 and Figure 2, Col. 9). The
accuracy seems to be equivalent although much more
tegting is necessary to arrive at a conclusive state-
ment. Some observation about the differences

between thg Bayeaian and le methods can be made
{Michalaki”] i

1. W"L expressions are easily translated into

English descriptions. The Bayesian descristion
is a matrix of condition probabilities cor:airing
an entry for each value of each variable iz the
event space. Such a matrix is very difficiit te
interpret.

2. W‘L expressions imvolve only & subset of the

complete set of variables. This subset co-ains
only the variables necessary to distinguis: ore
object set from all the others. In the extression
given for P above, only 13 variables are used in
the description the Bayesian analysis requires
values for all 50 variables.

3. Evaluation of W‘L expressions requires only

comparison operations where the Bayesian method
requires extensive multiplication of floating
point numbeys.

Conclusion

We have briefly described here one method Zor
maintaining a body of krnowledge by using an inf:vertial
learning process. The results of the small exrari=ent
presented here gives hope to the application o shese
techniques to a larger scale knowledge acquisition
system.
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Symptom Sympom
number Symplom Symptom
) Age - Thymol turbidity
Under 10 SGOT
10-19 Protein
2.9 Albumin
0.9 Globutin
4049 Alkaline phosphatase
5099 Necrosis: disf. oc focal
[ ] Necrosis: cent. o portal
%-1 Bile thrombe
30 and over Regeneration: bile ducts

Sex Regencration: retic, endo.
Reyeneration: paren. or mitoses
Degeneration: diff. oc focal

Dugeneration: cemtral o portal

2

3 Heavy skoholicintake
4 Significant weight loss
S Nausea amd/or vomiting
¢

7

]

Abdominal pain Cells: diff. or focal
Malnutrition Cells: central or portal
- Jaundice Cells: pohys
9 Asciles Cells: hvmphs
10 . Ederma Cellsieos
11 Abdominal collaterals Cells: plasma or giant
.12 Spider nevi Fat: difl. o zonal
13 Splenomcgaly Fats 1.2+ or 34+
.14 Body temperature Pigment: iron or bile
18 Liversize Pigment: paren. or gen.
i6  Liver tenderness Pigment: kupfl. or portal
. 17 Liver nodules Mall. B. o culture

18  Ome-minute bilirubin
19 Tousl bilirubin
2  Cephalin flocculation

Fibrosis: iff. or focal
Fibrosis: portal of cent,
Abnormal stool coloe

AN CASENUREEESRRBURNRRRERY 3

Figure 1 Variasbles used in experiments

1 2 s . s 6 7 8 9
Disense Total § § Learning # Test Correct Classification . Complexity Bayesian Model
Casas Cases Cases {% corTect, § dec. fevent) (# terms, avg # sel) % Correct Decisions

- Direct ~ Multi-Step Directs Multi-Stepw

P nm 83 -8 {82, 1.1) (86, 1.1) {(¥,6) (&,8) &

N .

¢ . we 12 3 (88,1.0) (91,1.0} 1,9 r,n a8
y = % ‘n (67,1.1)  (s7,1.1) (9,8 (9,9 44

*learning time = 1 min., 20 sec.
#*Learning time in last step = 15 sec.

Figure 2 Comparison of multi-step hypothesis formation,
one-step hypothesis formation and Bayesian model
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