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Automatic control in medicine and fuzzy logic

as an universal method
for analyzing physiological networks

=

Machine Learning
RULEBASIS
IF I=high THEN O=low
IF I=med. THEN O=med.

IF I=low THEN O=high

Input Output

Fuzzification Defuzzification
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NEURAL NETWORKS & OTHER CLASSIFIERS 7

ibmt

@ Black BOX

input laye

itput layer
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MYOELECTRIC PROTHESIS CONTROL N

ibmt

bipolar registration of el. potentials _ﬁwmm N

Sensor 2

Sensor 1

Control system

|
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Myoelektroden (a), Li-lon-Akku (b), Steuerungselektronik (c), Pumpe (d), Ventile (e)
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Motivation: physiological networks

Time Series
Processing

Controller

é “ “
ibmt
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Systems design

Design Functions
MATLAB

, Prothesis
DAVE Parameter- | .

on g Micro-
Laptop structur controller

Data Data

Patient Patient

Design:

« Adaptation on the patients requirements
* Input of experts knowledge

« Automatical optimization

Functions:

« Source code transfer on the Microcontroller

H. Malberg
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ibmt

Lotfi Zadeh (*1921)

Fuzzy set theory (1965)
Fuzzy logic (1973)

H. Malberg



Natural Language ibmt

 Consider:
— “Australian are tall” - what is tall?
— “Australian are very tall” - what does this differ

from tall?

« Natural language (like most other activities in life and
indeed the universe) is not easily translated into the
absolute terms of 0 and 1.

R

“false’ “true”

H. Malberg



1. Motivation ibmt

Fuzzy logic as a universal tool for modeling /
analyzing of biological transfer functions

» Expression of fuzzy knowledge in words
» Expert knowledge in variables and relations

» Nonlinear behaviour

» ,Fuzzy® as a characteristic of biological systems

H. Malberg
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Conception of Fuzzy Logic ibmt

Many decision-making and problem-solving tasks are too
complex to be defined precisely

However, people succeed by using imprecise knowledge

Fuzzy logic resembles human reasoning in its use of
approximate information and uncertainty to generate
decisions.

H. Malberg
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Fuzzy Logic ibmt

An approach to uncertainty that combines real values [0...1]
and logic operations

Fuzzy logic is based on the ideas of fuzzy set theory and
fuzzy set membership often found in natural (e.g., spoken)
language.

H. Malberg
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ibmt

2. Fuzzy Basics

H. Malberg .



2. Fuzzy Sets ibmt
b b
| |
0.7
0.3
> v
0 5 x Y 46 0 X

Modelling of set X as a crisp one (left) and as a fuzzy set (right)

H. Malberg
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Crisp set vs. Fuzzy set ibmt

H. Malberg
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100%

50%

0% |

'T Membership

small medium

‘classical’* mathematics

2. Fuzzy Sets

100%

50%

0% |

»T Membership

Fuzzy Logic (Control)

Some misapprehensions !

ibmt

H. Malberg
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N

Definitions: Fuzzy Set, Membership Function .,

A sorted number of pairs

F.= {(x, U (x))‘x EX}

is defined as Fuzzy-Set in X.

/uF: X — [091]

is defined as Membership-function.

The membership function assigns every element x of basic set X
a degree of membership 1/, (x)

The single pair(x, ¢ . (x)) is identified as Singleton.

H. Malberg
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£\
Definitions: Height, normal Fuzzy Set Jbmt,

Is F a fuzzy setin X, so is H(F) = 1mMax U . (x)
xEX

the Heigth of F.

F is defined as a normal fuzzy set, if H(F) = 1

otherwise subnormal fuzzy set.

H. Malberg
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Definitions: Support ibmt

Is F a Fuzzy Set in X, so

supp(u) = S(F) = v € X, (x) > 0}

is defined as Support of F.

H. Malberg
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Definitions: Tolerance

Is F a fuzzy set in X, so

T(F)={xEX|u,(x)=1}

is defined as Tolerance of F.

ibmt

H. Malberg
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ibmt
Support vs. Tolerance Jbmt_
1
A m1, m2: parameters of the membership function
n
If m1=m2=m - triangle membership function
1 F then m is called mode

Support S(F) and Tolerance T(F) of a fuzzy set F with trapeziod membership function

H. Malberg
21



Types of membership functions

0.8

0.6

0.4+

0.2

trapmf

gbellmf

trimf gaussmf

gauss2mf smf

0.6F

0.4r

02

zmf

dsigmf pimf

H. Malberg
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Fuzzy Set Operations

Union, intersection:

f:[0,1]x[0,1]—=0,1]

Complement:

f[0,1]—=[0,1]

HHHHHHHHH



Fuzzy Set operations Jomt,

Membership low medium high Input: Fuzzification
A

70% medium

30% high
‘crisp’ input value \ 4
IF Input=medium THEN Output=low (70%) Inference: Rule basis
IF Input=high THEN Output=medium (30%)
Membership low  medium  high l
| ‘ /\ Output: Defuzzification
/ 70% low
30% medium
W
O

‘crisp’ output value

H. Malberg
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Definitions: intersection, union, complement set.ibmt,

A and B are Fuzzy sets in X:

Intersection: AN B
U 45 (X) = MIN (u ,(x), t5(x))

Union AU B
Uop(x) = MAX (u ,(x), tz(x))

Complement: [F’¢

H. Malberg
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Z\
Unit, intersection of fuzzy sets Jbmt_
A u A "
Unit Intersection

H. Malberg
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u ‘ f Q
[ ] 'b
Example: Union Jbmt

* Fuzzy union (U): the union of two fuzzy sets is the
maximum (MAX) of each element from two sets.

* E.Q.
— A={1.0, 0.20, 0.75}
— B ={0.2, 0.45, 0.50}

— AUB = {MAX(1.0, 0.2), MAX(0.20, 0.45), MAX(0.75, 0.50)}

= {1.0, 0.45, 0.75}

H. Malberg
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Example: Intersection ibmt

* Fuzzy intersection (N): the intersection of two
fuzzy sets is just the MIN of each element from the
two sets.

- E.g.
— A={1.0, 0.20, 0.75}
— B={0.2, 0.45, 0.50}

— AN B ={MIN(1.0, 0.2), MIN(0.20, 0.45), MIN(0.75, 0.50)}
= {0.2, 0.20, 0.50}

H. Malberg
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Example: Complement ibmt

* The complement of a fuzzy variable with COM x is (1-x).

 Complement ( _°): The complement of a fuzzy set is
composed of all elements’ complement.

2 E.g
— A={1.0,0.20, 0.75}

e A°={1-1.0,1-02,1—0.75)
={0.0, 0.8, 0.25)

H. Malberg
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Fuzzy Operations ibmt
y N ;A
L
L L

/. LR —f—

0 5' é x’ 0 4 x‘}

S B
- PN *~
AN i) RS 8%
AAB AvB -A
H. Malberg
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VAR
Definitions: union, intersection, complement set@

Union, intersection, complement set
are
commutative,
associative,
distributive,
de Morgan‘s law

Definition of fuzzy set union and fuzzy intersection
two important additional properties:

T (rinagular) and T-CO-norm

H. Malberg
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Definition: T Norm

T is a commutative, associative and two digit map of
T[0,1]x[0,1]—=[0,1]
ali:
T — Norm < Va,b,c,dE X :

1.7(0,0)=0,7(a,l) =T(1l,a) =a

21(a,b)<T(c,d),ifa<scandb =<d.

- MIN operator




Definition: T-CO Norm Jomt,
T* is two digit map of T*:[O,l] X [O,l] —> [O,l]
i Ko

T-CO-Norm:=Vab,c,dEX:

1.7*(LD) =1, T*(a,0)=T%*0,a) =a

2T *(a,b)<T*(c,d)ifa<cand b =d.

- MAX operator

HHHHHHHHH



Definition: Linguistic Value (label, predicate)

Linguistic value (label, predicate)

ibmt

characterizes the quantitative property of a linguistic

(signal) variable.

Number of fuzzy sets, Membership functions

Very low Low Medium High Very high
A v | ; }
1 1
(=5
-8
2
53
0
g
L
=
¢} =
T Temperatu C T,
(@)
Very lo Low Medium High Very high
— l N l N l N= l N l i, A
A A A A S
T, Temperature, °C T,
(b)
Temperature in the range [73, 73] conceived as: (a) a fuzzy variable; (b) a traditional
(crisp) variable.

Fuzzy

fraditional’

H. Malberg
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AR
Definition: Fuzzy Rule, Implication Jomt,

Tis a T-Norm; A, BEJ[0,1]; x, yeX are linguistic variables,
whereas X is assigned to A and y to B.

Relation:
IF x=ATHENy =B - fuzzy rule

The conclusion applying a fuzzy rule is called

Implication: A= B

H. Malberg
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Examples for Implications

Maximum of Minimum-Implication
(MAX-MIN)

Maximum of Product-Implication
(MAX-PROD)
(MAX-DOT)

ibmt

H. Malberg
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Max-Min-/Max-Prod-Implications ibmt

Given: fuzzy rules

R (x.y) = 4(x, ») 11, (x, )|, yEX x T )}
R,(y.z)={(.z} w0, (y.2)|(y.2EY x Z)}
Max-Min: ‘Rlz X Z) R, (x,y) ( z)‘

Rlz(x.z) <(x Z) max , mi 1<x y), U, y,z ]>‘ x,y,z)EXxYxZ}

Max-Prod:

Ryoyp R, = {<(xaz);maxy(ﬂR1<an’)°ﬂR2(y>Z))>‘(xayaZ)EXXYXZ}

H. Malberg
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Max-Min-/Max-Prod-Implications

ibmt

IF THEN
H(x) uy)|
(x) H(Y)
max-dot A / Xﬁ //\\

) ||

-

max-min

\

/

a
V- \

1‘-‘!7"

Sensor |

Sensor 2

.\I.IT"

The lower
value 1s
selected
assuming that
the conjunctive
AND is
implemented
as intersection

H. Malberg




Types of defuzzification

ibmt

i 5 i Lom: last-of-maximum
— f Mom: middle-of-maximum
0.8+ . - 1 .
centroid Som: s_mallest-of-mammum
0.6 e . Centroid: centroid-of-area
oal Al | Bisector: bisector-of-area
‘ ; mom
0.2 Ié : j .
om : sSom
: : : N
-10 -8 -6 1 2 2 4 6 8 10
| T i ol ]
14 | .
QR . g
centrqid
06 5 . a .
bi}sgctor
0.4} : ¢ ® -
- mom ;
0.2F : L Ié .
som : om
e : z :
-10 -8 6 -4 ) 2 4 6 8 10
H. Malberg
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Definition: Defuzzification ibmt

F is a fuzzy setin X: Themap DE : X — tr(F) is called
defuzzification under one of the following conditions:

2 AP =DE(F)=xO with uF( )< u (xO)VxEX

3. vy, . =DE (F ) =% with W = {x‘ U, 1s Maximum}

H. Malberg
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ibmt

3. Fuzzy design

H. Malberg g



Components of a fuzzy systems ibmt

Set of linguistic input- and output variables,

Set of fuzzy ,if... then... “-rules

T-Norm, assignment of the input fuzzy sets to the fuzzy rules
Implication

T-CO-Norm, assignment of the fuzzy rules to the output fuzzy
sets

Method of defuzzification

H. Malberg
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Fuzzy Relations Matrices
 Example: Color-Ripeness relation for tomatoes

R(X,y) unripe semi ripe ripe
green 1 0.5 0
yellow 0.3 1 04
Red 0 0.2 1

ibmt

H. Malberg



Fuzzification

« Two Inputs (X, y) and one output (z)

« Membership functions:
—low(t)=1-(t/10)
—high(t) =t/ 10

1
0.68 ! :
Low High
0.32 |
0 | :
CrispInputs — | x=0 32 Y=0.61 t

Low(x) = 0.68, High(x)=0.32, Low(y)=0.39, High(y) = 0.61

ibmt

H. Malberg
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Create rule base

Rule 1: If x is low AND y is low THEN z is high

Rule 2: If x is low AND y is high THEN z is low

Rule 3: If x is high AND y is low THEN z is low

Rule 4: If x is high AND vy is high THEN z is high

ibmt

H. Malberg
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Inference (MAX-MIN) ibmt

* Rule1: low(x)=0.68, low(y)=0.39 => Rule strength

high(z)=MIN(0.68,0.39)=0.39

* Rule2: low(x)=0.68, high(y)=0.61 =>

low(z)=MIN(0.68,0.61)=0.61

* Rule3: high(x)=0.32, low(y)=0.39 =>

low(z)=MIN(0.32,0.39)=0.32

Rule 1: If x is low AND y is low THEN z is high
Rule 2: If x is low AND y is high THEN z is low

Rule 3: If x is high AND y is low THEN z is low
* Rule 4: If x is high AND y is high THEN z is high | —




Composition ibmt

‘Low(z) = MAX(rule2, rule3) = MAX(0.61, 0.32) = 0.61
-High(z) MAX(rule1, rule4) = MAX(O 39, 0.32) = 0.39

Rule 1: If x is low AND y is low THEN z is high

Rule 2: If x is low AND y is high THEN z is low
1 . Rule 3: If x is high AND y is low THEN z is low
Rule 4: If x is high AND y is high THEN z is high

Low

High
0.61

0.39 e e e e

H. Malberg
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Defuzzification ibmt
Max
f tf (¢)dt
. Mi
- Center of Gravity C=4
f f(@)dt
! Min
1
Low High
0.61 Center of Gravity
0.39 ) PRI Il i) ety
; T |
Crisp output t
H. Malberg
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H. Malberg
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"5 | Controls | T —
28 T \\ /’\\wf
0 ; ; ; ; ; ;
0 100 200 300 400 500 time 600
3 , ,
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0 100 200 300 400 500 time 600
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H. Malberg
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j Cardiac Patient |

f

w':\_/

100

H. Malberg
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ibmt

3. Machine Learning Algorithms

H. Malberg
52



N
Algorithms for Rule Generation of Fuzzy Systems bmt,

Direct access Indirect access
Heuristic ASMOD Fuzzy-Rosa (explorative standard
inductive Fuzzy CART strategy)
LOLIMOT Tree based Rule generation
Fuzzy-Desicion trees Fuzzy Version Space Learning
Inductive learning on modulare
Fuzzy-Rules

Induction hierarchic Fuzzy-Systems

Probabilistic | GA-based design of Fuzzy- Evolutionary Rule Generation
Systems Fuzzy-ROSA (evolutionary strategy)
Neuro-Fuzzy-Systems GA-based rule generation

H. Malberg
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i i ibmt
Automatic Fuzzy Design Jbmt

e I Definitions:

ime Series

(BBI, SBP) : . : :

> fix number membership functions (MS-F) per in-
/output
Generaﬁg;;fsthe Rule » Fuzzification of input signals by segments

(ID3-Algorithm) linear MSF

» Sum of MS values is 1

Optimization of the > MSF of output: Singletons
membership functions

» method of inference: MAX-MIN

Time Series » all rules are weighted with 1
(simulation)

H. Malberg
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Automatic Fuzzy Design ibmt

Fuzzy Control Design Toolbox fur MATLAB®
FCD V2.0

Fuzzy Logic Toolbox™
User’s Guide

R2013b

H. Malberg
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ibmt

1. Example:

Baroreflex analysis in a transgenic rat
model

H. Malberg
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Baroreceptor Reflex

Cortex
Hypothalamus
vom
Atemzentrum
Mesencephalon
Schmerz
Hypoxie
Medulla H 1
Vaso- P
motoren- IX IX co, ¢
zentrum #
X X
£ ~ von den
7 von den ¢
Pressorezeptoren Chemorezeptoren
il | Po, ¥ (Pco,t H* 4)
Arterien
@Nebennieren-
mark
f aktivierend hemmend /; pressorische depressorische
0 //é Gebiete Gebiete

sl

Medulla

A.carotis
interna

A.carotis
externa

A.carotis
communis

gm0

Aortenbogen

Blood pressure

somotorenzentrum

Nervus
glossopharyngeus

Glomus caroticum
(Chemorezeptoren)

Sinus caroticus
(Barorezeptoren)

Nervus vagus

Glomera aortica
(Chemorezeptoren)

Barorezeptoren

aus Bleifeld:
Springer, 1987

H. Malberg
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Analysis of the induced baroreceptor sensitivity /o,

Hypothesis:

decrease in SBP

Investigation of regulatory
differences in BR control

in dependence on
gender and genetic

Converting enzyme

Renin (kidney)

Angiotensin |l

Angiotensiase,
(Inactivation)

Vasoconstriction
increase in SBP

each 6 mice/group

H. Malberg
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Time domain

Sequence method
Mancia 1983, Parati 2000

N\
Selected Methods for Estimation the BR ibmt

Regression of increases and decreases in SBP
and NNI

Frequency domain

Alpha-Method
Bertinieri 1985

Root of ratio of NNI- and SBP-Spectra (LF and HF
range)

Transfer function

Transfer function of LF and HF range between

Robbe 1987 NNI- and SBP-spectra
Combined time- and Dual Sequence method | Frequency selected and extended measures from
frequency domain Malberg 2002 regression

Complex Demodulation
Kim 1997

Relation of amplitudes between SBP and NNI-
Oscillations LF-range

Model based analysis ARMA-Model Relation between coupling of SBP and NNI (BRS)
Patton 1996 and back coupling
Fuzzy-Model non-linear relation between SBP and NNI by
Malberg 2002 machine learning and optimized fuzzy system
Statistical analysis Z-Analysis statistical dependance of NNI and SBP

Ducher 1994, Cerutti
1997

H. Malberg
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Baroreflex analysis (ibmt_

?BI [msec]

treatment of
phenylephrin

slope as an estimation of the
spontaneous baroreceptor
reflex

>

SBP [mmH(]

BBI: beat-to-beat interval (inverse heart rate)
SBP:  systolic blood pressure

H. Malberg
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Original time series

100 u
%75 /\ m '/' ]

0 100 200 300 400 500 Zeijt 600

0 100 200 300 400 500 Zeijt 600

n_1 00

0 100

400 500 Zeit 600

m +/+ |

0 100

200

300

400 500 Zejt 600

500 Zejt 600

H. Malberg

n_1 00

\_.

300

400 500 Zejt 600

f+/+

0 100

400 500 Zejt 600

ibmt
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ibmt

Model structure ¥
Normalization:

Input SBP x* 7. (x_xmin).l()()
X

o D.

max xmin

e 5 s
MA_1, MA_2, MA_3:
physiological —
Inference Rule Basis interpretation of the | g )
Rule Basis 4, (Z) = — ) z "with N = 30,
n=0
MA 3:N =10
Defuzzy. ¥ -
MSF Code
very small -2
small -1
medium 0
Output BBI big .
very big 2

H. Malberg
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Complete model time series

100
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Simulated time series
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Rule bases of -/--models ibmt
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Rule bases of +/+-models
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Comparisons ibmt
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Conclusion Jbmt_

g Deleted angiotensinogen supprimates the vagal conterregulation
(pathophysiologic)

g Transgenic mice differ more from wildtype than male mice differ from
female ones

g Angiotensinogen plays a central role in vagal regulation

H. Malberg
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2. Example:

Fuzzy-Logic Based Automatic
Control of Hemodynamics




Conclusion on fuzzy modeling Jbmt,

g Fuzzy systems allow modeling of nonlinear cardiovascular interactions
(universal approximator)

g Data Mining: discovery of unknown physiological knowledge

g Data driven modeling: also learning of noise in data
(‘rule pruning’)

g Interpretation of dynamical fuzzy systems is quite complex
» Transformation of the rule bases
« Automatical text generation

» Universal method for simulation, classification and interpretation

H. Malberg
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