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Abstract ?\/
i0

The aim of this study was to establish an ARX model to describe t

between the arterial blood pressure(ABP) and the ocular Bload flo he optic
never head(ONH) under the experimental condition o sudde anges. The
igh c The parameters of

this model can be estimated by using system ide ati n I
squares algorithm was been adapted.

sudden changes in ABP was induced by the method o
p er, recursive least

The theoretical and actual data fitted well sugge§t thls model can effectively
describe both the linear and nonlinear feat dynamlc tatic autoregulation in the
ONH. It shows that the BF autoregulat functi when the ABP was > 80 mmHg
and works incompetely when AB \@ﬂs model may be used to help
investigating the features of auté@latlon in NH under different experimental
conditions.

Keywords: system |de ijcation, ax@l\o\tlon ARX, the thigh cuff

1. Introductlo

Glaucom Q& ts the sm@e of blindness in the world.The estimated number
of patient&@ gf s disease is about 68 million,of whom 6,7 million are
blind[1-2]. der to laucoma,we need to understand the ocular autoregulative

mechanisms firstly.
Abnormalities 4 ®5d flow regulation in ONH have been implicated in a variety of
eye diseases in@g glaucoma, diabetes and age-related muscular degeneration [3-10].
So assessment of autoregulation (AR) in ocular tissues is important to understand the
mechani diseases and be beneficial to determine the treatment method.
Ocul toregulation is the physiological system controlled by myogenic, metabolic,
r ic and other unknown mechanisms, which maintains ocular blood flow at an
%xmately constant level despite limited changes in the arterial blood pressure (ABP)
Intraocular pressure (IOP)[11].
Changes in ABP that may be used include spontaneous and manipulated in a step-wise
or sinusoidal manner. In human, a sudden drop in ABP can be induced by releasing a
previously inflated thigh cuff. This method has been used to observe dynamic
autoregulation in the cerebral circulation, and has been adopted in previous studies to
induce acute changes in ocular perfusion pressure to enable dynamic autoregulation in
ONH to be assessed.
When the ABP step challenge is applied rapidly, the ONH autoregulation can be
classified into two phases of hemodynamic responses according to the time taken to
accomplish blood flow adjustment: dynamic autoregulation (dAR) and static
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autoregulation (SAR).The dAR phase which is an initial dynamic phase lasts on average
10-20 sec when the vascular smooth muscles react to adjust the vascular resistance in an
attempt to recover the state of BF to its original level or a new level[12,13]. The sAR
phase is reached later when the dynamic BF changes have equilibrated to a steady state
level. The sAR phase may involve many factors to adjust the blood flow, since there is
sufficient time to involve metabolic, myogenic and neurogenic factors to adjust the blood
flow.

A series of BF changes measured during the AR in response to varying levels of ABP
constitute a classic SAR curve as demonstrated in Figure 1.To data, most previous studies
to assess the autoregulation capacity in ocular tissues has been limited to SAR, the
involvement of dAR is not yet fully understood. Analysis of dAR can provide insights
into the time course of the autoregulatory response.The inherent complexities of ocular
tissue encourage the use of mathematical modeling to describe the autoregulation

capacity. \(

Utilizing the mechanistic features of autoregulation, discrepancies between t ical
systems behaviors and actual behaviors measured in normal subjects ca to the
hitherto unknown components that are missing, thereby assisting in a more
comprehensive picture of this biological process. * %

However, studies that investigated autoregulatory be arse. We can
learn from the experience about the studles |ng f ral blood flow
autoregulation.

Some ARX model has been used to simul he autore y response of cerebral
blood flow to a sudden drop in ABP produs@f flatloﬂ,ﬁgh cuff.

From some researches from cerebral ow autoregulation system ,it can be seen
that a higher order of ARX model proprlate to represent the BF

autoregulation system since it is ca f pr% more flexibility to describe both
linear and nonlinear features of¢h autoregu

In this paper, we assume mode h is established to describe the ABP-BF
relationship incorporating both n@ e order of this model was determined by

a theoretical three-order metric as .assumed by analysing the physiological

ocular blood flow Iatlo comblned with some conclusions by other
researchers.

The resultan model@p vide clinical tools for diagnosis, monitoring and
progn05|s ts with diseases.

% Upper Limit \
&

O ‘ Lower Limit
0 >

ABP

Figure 1. Static Autoregulation Curve. BF Is Kept Constant in Autoregulatory
Range. When ABP Fluctuations Exceed this Range, |.E.Higher than the
Upper Limit or Lower Than The Lower Limit, BF Will Passively Increase Or
Decrease
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2. Materials and Methods

2.1. Subjects and Preparation

14 subjects without eye and cardiovascular diseases, ranging from 23 to 54(41.4 + 11.2,
mean + SD) years old and height from 152 to 185(170.2 £ 8.1)cm were participated in this
study. For each subject, the experiment was repeated three times, and data were
consecutively recorded to maintain a relative steady state of ONH autoregulation.

The BF of the ONH was measured by a laser speckle flow graph(LSFGNAVI LSFG
system, Softcare,Japan) (Figure 2).This device consists of a fundus camera equipped with
a diode laser and a halogen lamp.The halogen is used to define the area to be examined,;
the laser(A=830nm, maximum output power, 1.2mW) is switched on at the time of
measurement. The measured fundus area is approximately 3.8x 3mm(widthx height), with
an eatimated depth of tissue penetration of 0.5 to 1 mm, bases on estimations in Qumans
eyes. ABP was recorded at 200Hz sampling rate with a noninvasive bl S
monitor(Finometer Pro@, Holland) (Figure 3) by placing a finger cuff aroupd oR¢ of the
fingers. At the same time, BF was recorded at 30Hz sampling rate. @

Flgure 2 L Figure 3. Finometer Pro

2.2. Data Prep? *

The be’ ies of measured ABP and BF were removed using a
seventh-or lipptic ass filter. The pass band frequency was 0.45Hz and the
stop-pass frequency; .55Hz, with 40dB attenuation in the stop band. The ripple

amplitude of the nd was < 0.01dB. The filted data were down-sampled at 1 Hz to
increase nume&bustness in parameter estimation. The data after filtering are shown

o
&
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Figure 4. The Recording of BP and BF after Data Preparation{ B as

Acutely Decreased Starting At 10th Second apd ther Re to A
Stabilized Level. BF Decreased Correspondi nd the dually
Returned Towards a Stabili Level

2.3. Description the Structure of Model in Sys Identi i

In order to simplify the matham%’@nalysis of\he physiological system,all

procedures could be described as an in tput q@ack—box) between BP and BF.
An ARX model of order (m, n) an dis d by

y(K)+a,y(k—1) +---+a, y(K 1 (k b JU(k—d —n+1)+e(k) (5)
where u is the input, y is tput and ite noise.
This is often written as

Az hy(K) = z*" )+e(k (6)
where A(z!) & +L+a : B(z YY=b, +b,z 7t +L+b,z "t and d is the shift

operatior (z* (k 1)).

2.4. Appro 0 Dete @he Order (m,n) of ARX
Previous studie established some transfer function models for analysis of blood
flow autoregula##@nNn this paper, the order (m,n) of ARX was determined by a transfer

function which hasbeen published.
Trans tion in Figure 5 can be expressed as a quotient of polynomials:

mS" +L+b;s+b
"0 n>m (1)
a,s" +L+a;s+a,
@ere s is the Laplace operator; n>m according to the initial theorem and final value
t

heorem[14].
Considering the model is an approximation of a physiology procedure,the degree of

activation of the vascular smooth muscle arising through the myogenic mechanism is
given by a first order transfer function[15,16]:

a 2)
Tps+1
where K, is the regulation gain and Tp is the time constant.
Based on published models on transfer function,the degree of activation arising

G1(S):
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through the metablic and other mechanisms why hypothesized to fit by a second-order
transfer function of the form:

k
Gy(s) = 2 73
1+24T,5+T,°s
where Kk, is the regulation gain, T,, is the time constant and(is the damping ratio.

Combined the two procedures,the autoregulation procedure of BF could be expressed
by a third-order transfer function of the form[17]:

(3)

k
BF ()= - 4)
ABP (A+2¢T,,5+T, 5% )A+T,s)
where k, =kk,

The order (m,n) of ARX can be determined by analysing the third-order transfer

function. 0?\/
G(s) \) \V

Figure 5. Simplified Transfer Funct prese %n of the Relationship
between BF and ABP. The Ph ical em is Described As An
Input-Output Model (Black-Bo %tw d BF. ABP Is the Input Of

Syst utput
0gd%mflcatlon the task of system identification is to
we established the model of system by using input

estimate the param% hat is
and output @ imate t rameters. In this paper, the algorithm of parametric

identificati sed rem@e ast squares algorithm.

2.5. Method of Paramet stlmatl
As for the structur ametri

2.5.1. Least Square

The common in parametric estimation is using the least square method.

In order to eter estimation, the equation (6)is written as follow:
(K) =—a,y(k-D)-L—-a,y(k —m)+bu(k)+L+bu(k —n+1)+e(k)

(
=[-y(k-1) -yk-2) - —y(k-n) uk) uk-1) - uk-n)] <
(

0=[a, a, - a, b b - b
Q y() = 9" ()0+e(K) 0
n order to estimate parameter vector 6, using all available measurements up to the

current instant k=1,2,...,L, one can first define the cost function as follow:

1=3 2= Z[y(k) o 0] 1
k=1
0= o' o'y 12
where Y=(y® y@ L yL).o='® ¢’ @ L o O
If this formation of least squares is used for on-line parameter estimation,we have to

7)
8)
)

Q@
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recalculate the Eq.(12) each time when a new measurement becomes available. To solve
the problem of recalculating the Eq.(12), a recursive version of least squares has been
proposed.

2.5.2. Recursive Least Squares

The basic ideal of RLS algorithm is to compute the parameter updata at time instant k
by adding a correction term to the previous parameter estimation once the new
information becomes available. Such reformulation has reduced the computatonal
requirement significantly, making the RLS extremely attractive in the last decades for
on-line parameter estimation applications[18].

For the sake of easy reference, recursive expressions of a typical RLS algorithm are as
follows.

P(k+1) =P(k)-K(k+Dp" (k+1)P(k) &

Ok +1) = 0(K) + Kk +D|y(k+1) " (k +DO(K) | @
3. Results \/

The result of system parameter |dent|f|ca3;on a dlscret X model which is

P(K)o(k +1)
K+ 13,¢
Klk+D)= 149" (k+)P®)p(k +1) ?y

expressed as a quotient of polynomials. The use bbl transformatlon method to
get the continuous ARX model of the syst e pole z€ ot of the system is shown

in Figure 6.
6&4%%

A% .o
0\@ 0.5+ %
8O

@ Figure 6. The Pole-Zero Plot
In order to§ge whether this ARX model is suitable for the ocular blood flow

: ©
é

autoreguladidawin this paper the ARX model was been converted to a tranfer function.
Acco @ to the pole-zero plot of the system, the transfer function model can be witten
as f
2
% 56— 02.1224(3 +0.32435 +0.0351) ”
(s? +0.6665 +0.1933)(s +0.202)

The equation(16) shows the parameters estimated from the experiments measured are
kp =0.1224, Tp=4.9504,Tw=22747,¢ =0.757.

When applying the same input to the theoretical model with these parameters, the
output of the transfer function model (simulated BF) correlates with the in human
experimental output (measured BF) as illustrated in Figure 7.
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BF(ml)

Time(sec)

Figure 7. The Simulated BF Response (Red Line) Fits Well With the In
Humans BF Response (Black Line).As Shown In the 50 Seconds Recording
(Black Curve), BF Response Induced By the BP Decrease Underwent Sar
and Sar Phases. The Simulated BF Response By the Parametric Transfer
Function Was Fit Well With the Experimental Derived BF Response

<
4. Discussion Z\/
p

In this study, an ARX model was established to describe the relation h@\ and
BF in ONH under the experimental condition of the thi .The reaf’p all poles
of the denominator within Equation 4 are negative, wg'xl trates The system
poles directly define the components in the homo sponsewystem Zeros are

mostly influenced by the input of the system. \(

The transfer function form of ARX system model*e0nsists ofx meters:gain k, ,time
constant T,, ,time constant T, and a damping +ati®,{. The fi rder model represents the
response of the vascular muscle after ABP harply[1921]. T, is the only parameter in
this model. From system S|mulat|on und th smaller T, reproduces a bigger
chance in BF and strongly stabllze o a I aseline.The second-order model
includes two parameters T,, an the fact namic response of BF, {' means not
only a damping ratio. It refl% uIaUO ngth of the model too.

The previous study discus including the magnitude of IOP, the
response time, the recov ate and t@nagmtude of BF response[22]. There factors
interaction with eaoh nd obsgcu e interpretation of whether an autoregulation
response is norm RX m prowded a method to detect the early or moderate

change of dyna onse%@ pathologies by comparing the paremeters of the
ARX mod ted fro halogical condition and control condition.

The firs ation the limitation of the model limited to ABP less than 80
mmHg. The model i not fit to the situation that ABP were in the spontaneous
fluctuation. The s&@d limitation is that the model does not explain clearly the
relationship be ach parameter and the underlying physiological processes. The
other limitation e precision of parameters by using system identification.

In fact; cular BF autoregulation system is more complex than the ARX model we
assumem is paper. However, the advantage of the model couldn’t be ignored. It can
decri relationship between ABP and BF both within linear range and nonlinear

autoregulation.

5. Conclusions

The ARX model in this paper can effective describe the relationship of ABP and BF in
ONH under the experimental condition of the thigh cuff, because it can illustrate the
linear and nonlinear features of autoregulation. In this paper, we just use the linear model
as the model of system identification. However, from a theoretical standpoint, ocular
autoregulation is intrinsically a nonlinear phenomenon since it involves changes in
vascular resistance. Future studies may also consider the extent to which time-varying
parameters, or adaptive models, are required to provide a more realistic representation of
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ocular autoregulation mechanisms .
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