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Medical Diagnostics Diagnostics

Medical Diagnostic System

Goal: platform to accumulate decision-making know-how

X, € X, discrete variables, ne N, N ={1,...,N}

Xn: finite sets of values (X = X1 X Xy X -+- X Xy)

symptom variables (questions): X = (xi,...,xx) € X

diagnostic variables (diagnoses): y; = xx4j, j€ J, J =4{1,...,J}
x=(x1,%, -, xn) EX, y =,y --y1) €Y, N=K+J, (N=~10%)

Statistical model: mixture of product components (restrictive ?)

P(x)= > wnF(x|m), F(x|m)= ] falxalm), M={1,...,M}
meM neN
fo(Xa|m), n € N : univariate discrete distributions > _y fi(xa|m) =1

Properties of product mixtures:
@ simple evaluation of (conditional) marginals
@ estimation from incomplete data vectors by EM algorithm

o “dimensionless” applicability (structural model) [Oia)
UTiA



Inference es Questions Dialog

Product Mixture Model as a Knowledge Base of PES

Estimated knowledge base: P(x) =) . wnF(x|m), xc X

INFERENCE MECHANISM: (Pi(y;) = Pr+j(xk+j),d € TJ)
definite input: xc = (x;,...,x;), C={n,...,ik} C{1,2,...,K}
response: conditional distribution P; |C(yj|xc) given x¢c € X¢
Pic(y; 7Xc
Piic(yjlxc) = ’P : = > Wan(x)fi(ylm)
c(xc) =
Pic(yj xc) = Y wmfi(yjm)Fe(xc|m), Fe(xclm) =] fixilm)
meM ieC
F
W (Xc) W C(XC|m) xc € Xc, meM

> kem WkFe(xclk)’

uncertain input: Pg(xc),xc € Xc, Wy =23« cx Wn(xc)P(xc)
response:
Pryi) = D Piclylxc)Pe(xc) = Y Wi fi(ym)
Yeerte " bty



PES Inference Diagnoses Questions Dialog

Ordered List of Relevant Diagnostic Variables

Ordering of diagnostic variables given the symptoms x¢
set of symptoms x¢c = (xi,,..., %) € Xc, C={i,... ik}

CRITERION: difference between the a priori distribution P;(y;),j € J
and the conditional distribution P c(y;[xc)

Kullback-Leibler information divergence:

Pi(y)

IPOIP;cClxe)) = Y Pily)log 5—22—, je€ T
Pjic(vilxc)’
vi€Y;
decrease of conditional entropy:
Ay = HO%) — ch(yj)’ ied

H(Y;)
absolute difference: AP = Zyje)),- IPi(y;) — Pjic(yjlxc)l
REMARK: Medical aspects may be more important for the choice of y;.
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Inference es Questions Dialog

Optimal Sequential Decision-Making

Optimal choice of informative questions

given a set of symptoms x¢c = (X;, ..., x;,) € X¢ and a diagnose y;
= the most informative question x;, (i ¢ C) with respect to y;

CRITERION: maximum conditional Shannon information given x:

IXc(thj):ch(yj)_HXc(ylei)’ "= argr;.’gzacx{lxc(xivyj)}

Hxc (V) = > —P(yjlxc)log P(yjlxc),  p(yjlxc) = Py, xc)/P(xc)
v€eY;

Hx(VilX) = > plxilxc) > —Plyjlxc, xi)log P(yjlxc, )
X,EX; yjeyj

P(yjlxc,xi) = P(yjlxc, %)/ P(xc,x), i ¢ C, y; € ;

REMARK: A unique possibility to compute conditional Shannon information.
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Inference D s Questions Dialog

Example: Optimal Sequential Recognition of Numerals

First row: What the classifier expects given some raster fields
Second row: Conditional informativity of the raster fields.
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Inference D

Example: Optimal Sequential Recognition of Numerals

First row: What the classifier expects given some raster fields
Second row: Conditional informativity of the raster fields
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PES Inference Diagnoses Questions Dialog

Controlled Dialog Scheme

Input information and inference mechanism

@ choice of input questions and specification of symptoms: x¢c € X ¢

@ = conditional distributions of diagnostic variables: P;c(yj|xc),j € J

Evaluation of diagnostic variables
@ ordered list of relevant diagnostic variables y;, j € J given x¢
@ = choice of the most relevant diagnostic variable y;

Choice of the most informative question with respect to diagnose y;

@ conditional informativity Ix.(x;,y;) of questions x;, i ¢ C

@ = ordered list of informative questions x; given y; and xc € X¢

Knowledge base update
@ inclusion of new data vectors and re-estimation of the mixture model

o dialog scheme produces incomplete (sparse) data vectors
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Product Mixtures EM Algorithm Structural EM Incomplete data Weighted Data

EM Algorithm for Discrete Product Mixtures

independent identically distributed observations:

S = {xM x2 x XD ey
log-likelihood function:

L:LZIog[Z W, F (x| m)] Zlog ZWmexn|m
S| |S| meM neN

EM iteration equations: (me M, x € S)

)= M) S mlx
el z,-eM wFGl) = 18] 2 )

Zé &, xn)q(m|x), €€ X, neN

fo (§lm) = W
Xe XeS

MONOTONIC PROPERTY: LD — (0 >0, t=0,1,2,...
REMARK: Risk of multiple latent underflow in evaluation of g(m|x) ! [OTia)



Product Mixtures EM Algorithm Structural EM Incomplete data Weighted Data

Structural Mixture Model

structural variables: ¢, € {0,1}, me M, ne N

¢mn = 0 = distribution f,(x,|m) is replaced by fixed “background” f,(x,|0)

F(x|m) = H fir(Xa| M)?™ £,(x,]0)2 %™, m € M, (£,(x4]0) = Pp(xs))

neN
P(x)= Y F(x|m)f(m)=F(x|0) > wnG(x|m,¢,)
meM meM
Fo(Xa|m) ]2
F(x]0) = f(x2]0), G(x|m,¢,,) =
nle_J[\/ ng/ { f,,(x,,|0)}

“background distribution” F(x|0) cancels in the conditional weights:

_ WmGC(XC|m7¢m) . I:f;.(xim):|¢mi
Win(xc) = . G 6)=
) = e gy celmen =L |5600)

Consequence: structural mixture can be treated as dimensionless

(oTiA]



Product Mixtures EM Algorithm Structural EM Incomplete data Weighted Data

Structural Modification of EM Algorithm

structural variables can be optimized in full generality:
1
L= Eng [F(x|0) 3 Wmc;(x|m7¢m)}, F(x[0) = [T fu(xal0)
x€ES meM neN

EM Algorithm: (F(x|0) cancels in the conditional weights g(m]|x) )

G(x|m, @) Wi
g(m|x) = il , W, m|x meM,xeS
) = S G(xu,@)m |S|x§, )

o (&lm) = Zég,xn (mlx), neN

e o)

structural criterion: Kullback-Leibler information divergence

’ ’

q fo (Xn|m) fo (Xn|m)
Z Iog{fn( )]: mz (x| m) |ng(,,|0)

XeS Xn€Xp

optimization: ¢/mn =1 for a fixed number of the highest values 7;,,,,
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Product Mixtures EM Algorithm  Structural EM  Incomplete data \Weighted Data

Modification of EM Algorithm for Incomplete Data

“sparse” data vectors, e.g. X = (x1, —, X3, X4, —, —, X7, .-, XN); Xn € Xp
N(x) = {n € N : for which variable x, is defined in X}, X €S

S,={xe€S8:neN(x)}, =~ vectors x € S with defined variable x,

m.-l. estimation from incomplete data:

|S\ Zlog[z wnF(X|m)], F(x|m) = H fn(Xn|m)

Xes m=1 neN (X)

iteration equations: (me M,ne N X € S)

- WpF(x|m)
S AT e N XZ )
AL — 56 x)a(ml%), €€ X,

> xes, 4(m|X)

Xes,

Remark: Only available data are used without estimating missing values
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Product Mixtures EM Algorithm Structural EM Incomplete data Weighted Data

Modification of EM Algorithm for Weighted Data

NOTATION: ~(x) : relative frequency of x in S
xéS=A(x)=0, = Zy(x):éZl:l

xeX XeS
= equivalent expression:

L= ﬁ > togl > wnF(xIm)] = 3 v(x)log[ > winF(x|m)]

XeS meM xeX meM

= weighted iteration equations: (me M, ne N, x € X)

 WnF(x|m) W Dol mlx
q(m|x)— ng/\/[ VVJF(XU)’ m th.,y( )q( | )7
fem = Y 8ean(x) ™ cex, me M

xeX m

Application: relevance of data in EM algorithm
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KB Update Feedback

Self-correcting Mechanisms

Self-correcting Mechanisms for Data
@ unreliable, suspect or incorrect data can be removed or suppressed by
weighting, e.g v(x) = log P(x)/L, L= Fll > es log P(x)
o sparsely used variable x, can be removed, e.g. if > __\/ dmp is small

@ a new variable x, can be included at any level of design process
by specifying the corresponding background distribution f,(x,|0)

Self-correcting Mechanisms for Knowledge Base
o initial parameters: expert design of elementary diagnoses (components)
@ intuitively designed components will be modified by EM algorithm

@ components having small “support” in the data can be identified
by small weights w,, and removed

@ a new component can be included at any level of design process
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Conclusion
Concluding Remarks

Final output for a user:

printed recommendation for a physician including input symptoms, relevant
diagnoses, suggested medication and comments

Concluding Remarks and Comments

administration background (admin.): support of medical experts

hierarchical lists of diagnoses and questions (admin.)
sequential inclusion of new questions (open access and admin.)

sequential inclusion of new components (open access and admin.)

supervised accumulation of initial data (physicians, students)
detailed comments to diagnoses (open access and admin.)

supervised self-correcting mechanisms (admin.)

°
°
°
°
@ sequential inclusion of diagnostic areas (admin.)
°
°
°
°

suggested medication and treatment (admin.) = financial support
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