





















































































































































































































































































































































60+

401

102

FIGURE 4.3.2a, DATA SET 4
MAS A LINEAR FUNCTION OF DH

M IND
M.
M,
M= 59.556-54.115 DH
odel inadequate at o = .05
M.g
0 > 3 4 5 .6 T B .9
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Data Set 5
Table 4.3.7

Data Set 5. The True Distribution of Attributes Among

Diseases. x, and x_ Identify a Dependent Attribute Pair

A B
%1 ) - *4 Xg %6 Xa *B
*
¥y 05% .10 .13 ,16. .19 f22 ¥y 2,
Yy, .22 .10 .13 .19 .16 .05 Xy Re
¥y <13 W22 .26 . .18 05 C .16 %y %y
y, .18 .18 .18 .22 .13 .05 - e
yg .19 .05 .22 .13 .16 .10 s X
Yo 16 I3 .05 L1019 .22 %y %,

*Table entries are P(xi[yj)

Table 4.3.8
Data Set 5. The Number of Correct Bayesian Predictions, M,

(assuming independence) at various levels of dependence and

at independence

Dependence Levels, P(xB|xA,yj)

Run IND ad .l - .4 %5 .6 “? « 8 3
1 53 32 53 44 37 33 29 27 23 22

2 62 54 55 49 38 30 28 25 21 19

3 62 A 54 48 39 31 28 25 21° 19

4 61 55 61 52 41 33 32 28 22 21

5 58 54 55 50 39 30 27 25 22 21
Mean M 59.20 53.60 55.60 48.60 38.80 31.40 28.80 26.00 21.80 20.40
32 14.70 1.30 9.80 8.80 2.20 2.30 3.70 2.00 .70 1.80

DH 0 .07 .043 .128 .228 ,328 .428 .528 .628 .728
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Hypothesis Testing

Inspection of Table 4.3.8 suggests homogeneity of
group variances. As before, the L and Q statistics are cal-

culated from the data and compared to their critical values.

~2 “2 - A2
o

Hot Opp S T3 T H g F s B H g
p P .
L TEST: L = p( I ci)l/p / (= ci)
{=1 §=1
= 10(14.70-1.30-...-1.80) 10/ (14.70+1.30+...+1.80)
= .65 COMPARE TO L ¢ o 1o = .631

DO NOT REJECT Ho

P . P,
Q TEST: 0 = ( % oi) /(3 oi)2
3=, =
2 2 9 2
= (14.70%41.30%+...+1.80%)/(14.70+1.30+...+1.80)

= ,189 COMPARE TO Q 05.4.10 = ,284
. P&y

DO NOT REJECT HO

Both tests support the null hypothesis. Having established

homogeneity of group variances, we may proceed to test
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ANOVA TABLE FOR DATA SET 5

SCURCE Ss DF MS . F F o5 (CRITICAL)
between grocups 9791.000 9 1087.890 230.013 2:12

within groups 189.188 40 4.729

Since the calculated value of F = 230.013 exceeds the
critical value of F = 2.12 the null hypothesis Ho: MIND =

M.l = ... = M.9' is rejected. As before, the Newman-Keuls
procedure allows for comparisons of M pairs.

Table 4.3.9
Data Set 5. Newman-Keuls Multiple Comparison Test for

Significant Differences Between Group Means,

Groups, Ascending Means Left to Right

Groups having

«9 .8 o7 .6 +5 .4 .3 | .2 IND no sign.diff.
. for M
.9 1.4 5.6 8.4 11.0°18.4%28.2%33,2%35,2% 38,8 .8&.9
.8 2.78 4.2 7.0% 9.617.0%26.8%31.8%33.8%37.4*
.7 3.35 2.78 2.8 5.412.8%22.6%27.6"24.6%33.2*
.6 3.69 3.35 2.78 2.6 10.019.824.8" 26.8% 30.4* .5&.6
.5 3.93 3.69 3.35 2.78 7.417.222,.2% 24,227, &
.4 4,11 3.93 3.69 3.35 2.78 9.8"14.8 16.8" 20.4*
.3 4.27 4.11 3.93 3.69 3.35 2.78 5.0 7.0 10.¢6*
.1 4.40 4.27 4.11 3.93 3.69 3.35 2.78 2.0 5.6 .25.1
.2 4,50 4.40 4.27 4.11 3.93 3.69 3.35 2.78 33.6

IND 4.60 4.50 4.40 4.27 4.11 3.93 3.69 3.35 2.78

*indicates significant difference between group means at o0=.05

The findings in Table 4.3.9 are summarized in Figure
4.3.3. In Figure 4.3.3a, M values indicate the central ten-

dency of repeated observations of M at 10 distinct values
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of the independent variable DH. The fitted model (1) is:

M,. = 55.665 - 55,220 DH,.
ij 1]

The ANOVA table is shown below.
ANOVA TABLE

Data Set 5, Model (1)

Source DF SS MS F FCRIT(a=.05)
Model 2 83040.081 41520.041
Mean 1 73804.820 73804.820
Model (CFM) 1 9235.261 9235.261
Residual 48 744.919 15.519
Lack of fit 8 555.719 69.465 14.686  2.180
Pure Error 40 189.200 4.730 |
Total 50 83785.000  1675.700
Mean 1 73804.820 73804.820
Total (CFM) 49  9980.180 203 .677
R® = .991 R2(CFM) = .925
Since F = 14.686 exceeds FCRIT = 2,180, the hypothesis of

model adequacy is rejected.
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SET S

IVOTE NO SIGN. DIFF.

AT o =.05, SHOUWN AS ‘ws’
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FIGURE 4.3.3a. DATA SET 5
M AS A LINEAR FUNCTION OF DH

M=55.665-55.220 DH

model inadequate at o = .05
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Ce que nous connaissons et peu de chose,

ce que nous ignorons est immense. - Laplace

Section 4.4

Summary Section. Overview, conclusions, recommendations

for further work.

1. Overview

This report begins with a description of the diag-
nostic process, and reference is made to the desirability of
an analytic tool which would aid the physician's diagnostic
capabilities. Bayesian estimation is presented as a mathe-
matical model which parallels the physician's decision
making process. Several applications of this new mode of
disease differentiation are discussed. A review of the
literature reveals that many researchers are aware Bayes'
formula is inappropriate to disease populations which ex-
hibit attribute dependence. However, attribute independence
is often assumed to lessen extensive data requirements which
are necessary to estimate joint occurrences of signs and
symptoms.

Monte Carlo experiments simulate past applications
of Bayesian diagnosis. In these experiments, disease-

attribute populations are altered from independent attribute
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structures to various levels of paired attribute dependence.

Diagnoses are predicted according to the actual distribution

of attributes among diseases, and also according to the false

hypothesis of attribute independence. This strategy allows

investigation of the robustness of Bayesian procedures under

the false assumption of attribute independence.

2. Conclusions from the Literature

(1)

{id}

(iii)

(iv)

(v)

It is desirable to develop an analytic tool to aid
the physician's diagnostic capabilities.

Medical personnel regard Bayesian estimation as

(a) conceptionally valid (b) sufficiently non-
esoteric to receive wide acceptance (c) relatively
easy to initiate, if attribute independence is
assumed.

A major problem may arise in the area of data col-
lection when Bayesian estimation procedures are
applied to medical diagnosis. It is for this reason
that Bayes' formula (which assumes attribute indepen-
dence) is introduced as a surrogate approximation

to Bayes' Theorem (which requires extensive data on
profile occurrence). |

The present state of Bayesian diagnosis is considered
to be useful as (a) a feedback instrument which
sharpens the physician's diagnostic capabilities

(b) a teachihg aid in medical schools.

Experiences-with Bayes' 'formula are sufficiently
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encouraging to warrant further investigation. Re-
finements to the present state of Bayesian diagnosis

may lead to a valuable diagnostic aid.

3. Conclusions From Monte Carlo Experiments

(i) Monte Carlo experiments indicate that Bayesian
accﬁracy (under the false hypothesis of attribute
independence).decreaseé'markedly as disease-attribute
populations diverge from attribute independence.

(ii) The data from Monte Carlo experiments suggest that M,
the number of correct Bayesian predictions under the
false assumption of attribute independence, decreases
linearly as DH increases, where DH is a parameter which
measures deviations from attribute independence. A
simple first order linear model of the form Mij =
B0+B1-DH+8ij was fitted to the data provided by Monte
Carlo experiments. It was found that the model does
not consistantly explain the variation in M.

(iii) Since R2 and R2(CFM) are close to 1 for all three Data
Sets, it is unlikely that increasing the number of
terms in the proposed model (by adding B2-DH§j,B3'DHij,
etc) will provide an adequate explanation of the varia-
tion in M. It may be that the variation in the data

itself (M values) precludes curve-fitting.

4., Recommendations for Further Work

If the goal of further research is to improve the
present state of Bayesian diagnosis, then the following

courses of action are recommended:



(i)

(ii)
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researchers may identify attributes which are indepen-
dent in each disease category for which posterior
probabilities are required. Of these, only those
attributes which help to distinguish among disease
categories should be considered. This strategy is
used by Nugent et al (1964).

researchers may identify small subsets of dependent
attributes, and modify Bayes' formula to account for
attribute dependence within these subsets. Such a pro-
cedure requires estimates of joint occurrences of
signs and symptoms. If the number of attributes in
such subsets are small, then data requirements are
managable. For example, suppose a profile is defined
by S = {xl,xz,...xk}, and it is found that X, 1%y ¥q
are not independent of each other, but are independent
of other attributes in S (for a specific disease yj).

Then P(yjIS) may be estimated by:

==

f>(yjIS) = Plxp,%,,%50yy) - [

3 P(xi]Yj)]'P(Yj)

4 (4.4.1)

ﬁ(SIY‘QI) ‘ﬁ(y)@)

i MR

=1

Of course, this principle may be extended to include
more than one subset of dependent attributes, and the
denominafor in (4.4.1) allows for different subset
groupings in each of the disease categories Yqr¥gree Yge
Such a procedure is seen as a refinement to the
present state of Bayesian diagnosis, and is within the

practical limitations of data collection.



113

FOOTNOTES

An attribute quantitatively or qualitatively describes
a sign, symptom, result of laboratory test, etc.

yj > Xy is interpreted as: if yj then always X

Such a set of attributes is referred to as a "profile",
and is denoted by the letter S in Section 1.3b.
Attribute Set 3 describes an exhaustive set of events
for disease category Y3 but not for Y, O ¥,

At The University Department of Surgery, The General
Infirmary, Leeds, England.

Attributes Xy (central obesity) and X4 (generalized
obesity) afe mutually exclusive. Thus, the number of
possible attribute pairs in the two groups of patients

is 2(11

C2—1) = 108.
Here Si denotes a characteristic, not a profile. The
change in notation is made to conform with the nota-

tion used by Lincoln and Parker (1967) in Table 3.3.6.

Subroutine GGUl of The IMSL Library, Volume 1. (1975).

International mathematics and statistical libraries
Inc., Houston, Texas.

There are Zk = 26 = 64 possible profiles, where k is
the number of characteristics considered, and each
characteristic is described as present (xi) or absent
(ii). Hence, k is also the number of attributes

appearing in an individual's profile.



10.

M_2 and M.3 values correspond to DH = .140. MIND
and M.l values are not considered in Model (1),
according to the inferences from Ho(2) and Ho(3).
Hence the distinct points in the design space are
pDH = ,140, .170, .243, ..., .643, with 10 observa-

tions at DH = .140, and 5 observations for the

remaining DH values.

114
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