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CHILD Example from Spiegelhalter
et al (1993) Statistical Science

222 D. J. SPIEGELHALTER, A. P. DAWID, S. L. LAURITZEN AND R. G. COWELL

n1: Birth
asphyxia?

n2: Disease?

n4: LVH? n5: Duct n6: Cardiac n7: Lung n8: Lung n9: Sick?
flow? mixing? parenchema? flow?
n10: Hypoxia n11: Hypoxia n12: CO2? n13: Chest n14: Grunting?
distribution in oz?J X-ray?

n15: LVH n16: Lower

n17: Right \1 ;/n18: co2
report? K body O2?

i n20: Grunting
up. quad. 029 K report? report?

Fic. 2. Directed acyclic graph representing the incidence and presentation of six podsible diseases that would lead to a “blue” baby.
~ LVH, left ventricular hypertrophy. )
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Conditional Probability Tables

TABLE 1
Subjective assessments of conditional probability tables
assessed by expert for linkét%d n4 = nlb
~
n4: LVH?
n2: Disease? Yes No
PFC 0.10 4 0.90 “ (
TGA 0.10 0.90 ~|
Fallo 0.10 0.90 |
(_ PAIVS ) 0.90 / 0.10 ¢
TAPVD 0.05 0.95 ’
Lung 0.10 0.90 ~(
nl5: LVH-report?
. ? .
nd: LVH: Yes WM\%W{M No
Yes (0.90 £ 0.10 =

No~ 0.05 (095 W T
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iIsualization of Updated Beliefs on

very Node

. %Z 0> BAYESIAN ANALYSIS IN EXPERT SYSTEMS 223

Birth Asphyxia?

yes im
no 92 EEEE———

y

2L SepPEX D=1

.
Disesse? I3 h{[vall —Age?
PFC 21
TGA 16 mm 0-3_days 73 A
Fallot 14 4-10_days 16 mm
PAIVS 64— 11-30_days 11mm
TAPVD z:J
2 I
M» — Tung parench? —Lung flow? Shek?
None 31
o Normal 77— Normal 15mm
o e i | [ 2 | | MR
( no Bm ] Rt to L2 su TO:’:; o Aboormal 17 mm High 13mm
TFiyp Distrb? Hyporis i 020 oz’ ~Chest Xray? Crnizg?
N 1 20 mmm
None nm Normal 73 e— Ofi‘;:nic 47 e—
Equal 93 E— Moderste 59 mumm—— Low Im Ploborc 14mm ves 20mm
{nequal . Severe 31 m—— High 18 mm Grd Glsss 7m o 30 EE——
Asy/Patch; 13m
L— y/Patchy
i 1
LVH Report? Lower Body 027 RUQ 02? CO2 Report? X-ray Report? | GruntingReport? |
- 23 Normal 24 =
<5 35 E— — Olj i 39 m—
(o D e |3, 50 m— 1 51— g5 o | peic s yes Y
o y 12+ 14mm 12+ 15m >=. — Grd Glass  7m
Asy/Patchy 15 mm
F16.73: itional probability distributions on all nodes after propagation of evidence LVH-report = yes. The numbers and the length

- of the bars represent the current probability: for example, 64% belief that PAIVS is the true diagnosis, compared to a prior 22% belief.
For observed evidence, that is, LVH-report = yes, the bar is hollow.
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Visualization of Updated
Beliefs on Every Node

yes im
no 92 E—
Disease? _Age?
FFC 21
TGA 5 0-3_days 73 mE——
Fallot 15mm 4-10_days 16mm
(' Tm_ 7 11-30_days 11mm
%‘, Ll c
LVHT Duct flow? ] Cardiac mining? Lung parench? Lung flow? Sick?
Moné 11
o I
yes 92 s——— I;;l"‘e’—m 9g o — Mjid 5w Normal 9‘2) h If:w'""' 9; ! yes 20 mem
no sm Rt to Lt ¥ (r‘:mplﬂn 86 N —— Aomm 4 Tm High 4 '__ o 71—
ansp. K |
//i
-
. Lo
Hyp Distrib? Hypoxia in 027 Co27? Chest Xoray! 7
None 48 N ” Normal 3
Equal 91— formal — Oligsemic 95 mu—n_ mm——
5 dm Moderate 61 mm— Low 10m Plethoric n yes 14
nequal Severe 35 - High 13m Grd._Glass 01 no 86 EE—
Asy/Patchy 1
/_ "‘\ / T | ~>/
7 LVH Report? N 7 Lower Body (727 RUQ 027 02 Report?
100 ———3 lo—3 s 36 mm— —
ol 512 - 512 52 m— <as 7
e ) 12+ 2m ><1.5 21 mm

N
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Moralize

n1: Birth
asphyxia?

n2: Disease? } ( n3: Age at
Py presentation?

n6: Cardiac
mixing?

[ n4: LVH? ) @Duci
tlow?
A
q n1§"iHypoxij {
distribution?
D

n15: LVH n16: Lower n17: Right n18: CO2 \, ( n19: X-ray n20: Grunting
report? body 02? up. quad. 027 report? ! report? report?

AN

Fi6. 9. Moral graph formed from CHILD network by joining unconnected parents and dropping directions. The joint distribution of
the variables is Markov with respect to this graph.
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Triangulation and Maximum
Cardinality Search MWWMA

p = QIR URRLVS .
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\H/
Fic A perfect ordering of the nodes in CHILD arising from

maximum cardinality search.
WL“@ ?c@/@ pclve stz )
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Construct Junction Tree and
Define Potentials on Maximal
Cliques

Mj"{- ciz I8 7J‘3W nade.

5 c7 10
n1@ gfn.'!ng (4(‘?%
a1
3 6 & ce 9 Cupsirea
n2nsnén7 | _—m—5> n2n7 n9 p 688 >

C13 16\ cs 8| [ca 71 | c2 3| |cio "13} [co9 12
ﬁn{ 5n6 10n 11_ nSnén7nit n7 n12 n7 n8 n13 n7n9ni4 /% X Y)
a=ConGd MUV IV o gv A7y 4t

cl4 17 2!11 14 [c15 18| |c1 2| [c17 20' cle 19

" /
ni4 n20

- Vl% i n4 n;s ) 10n11n16 nt1 n17 ni2 n18 ni3 n19
1G. 12. Junction tree of cliques derived from perfect ordering < "17 ( x' N
R
of t ILD nodes. The members of each clique are shown, the
highest label among the members is shown in the top right-hand >
corner, while the corresponding ordering of the cliques is showr{?( O< 2 /\L C Xis X2

in the top left-hand corner.

I C I N R

C(Lp N @Q{ N
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Introduce Evidence and
Propagate Probabilities --

V' gonvil

(a) (b) (o) (d) (e)
Disease LVH? LVH? LVH? LVH? LVH?
Yes No Yes No Yes No Yes No Yes No
PFC 0.100 | 0.900 0.090 | 0.045 0.004 | 0.002 0.004 | 0.002 0.015 | 0.007
TGA 0.100 | 0.900 0.090 | 0.045 0.031 | 0.016 0.031 | 0.016 0.109 | 0.055
Fallot 0.100 | 0.900 0.090 | 0.045 0.026 | 0.013 0.026 | 0.013 0.091 | 0.045
PAIVS 0.900 | 0.100 0.810 | 0.005 0.180 | 0.001 0.180 | 0.001 0.634 | 0.004
TAPVD 0.050 | 0.950 0.045 | 0.048 0.002 | 0.002 0.002 | 0.002 0.008 | 0.008
Lung 0.100 | 0.900 0.090 | 0.045 0.004 | 0.002 0.004 | 0.002 0.016 | 0.008
LVH? LVH? LVH? LVH? LVH?
4 Yes No Yes No Yes No Yes No Yes No
1.000 | 1.000 0.900 | 0.050 0.900 | 0.050 0.248 | 0.036 0.872 | 0.128
N
LVH Report? LVH? LVH? LVH? LVH? LVH?
Yes No Yes No Yes No Yes No Yes No
Yes 0.900 | 0.050 0.900 | 0.050 0.900 | 0.050 0.248 | 0.036 0.872 | 0.128
No 0.100 | 0.950 0 0 0 0 0 0 0

F1c. 13. Propagation of evidence through clique

LVH-report = yes, (c) after propagaZ’Z:Z
A
¢ (

rough re@l

C14 of junction tree: (a) initial potentials, (b) after incorporation of evidence X
and back to Chs, (d) final potentials, (e) marginal ta
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Comments:

1. Read Spiegelhalter, David J.; Dawid, A. Philip; Lauritzen, Steffen L.; Cowell, Robert
G. Bayesian Analysis in Expert Systems. Statist. Sci. 8 (1993), no. 3, 219--247. doi:
10.1214/ss/1177010888. http://projecteuclid.org/euclid.ss/1177010888.

2. Convince yourself the numbers in Figure 13 are correct.

3. We will proceed to approximate inference.

4. Enjoy your Fall break!

5. Fill out the midterm survey: https://goo.gl/forms/AMfJ1t1d0gQbgQXI3
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