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Abstract. The ability to precisely model mortality rates pz:+ plays an
important role from the economic point of view in healthcare. The aim of
this article is to propose a comparison of the estimation of the mortality
rates based on a class of stochastic Milevsky-Promislov mortality mod-
els. We assume that excitations are modeled by second, fourth and sixth
order polynomials of outputs from a linear non-Gaussian filter. To esti-
mate the model parameters we use the first and second moments of iz ¢.
The theoretical values obtained in both cases were compared with theo-
retical [iz; based on a classical Lee-Carter model. The obtained results
confirm the usefulness of the switched model based on the continuous
non-Gaussian processes used for modeling fi4¢.

Keywords: Forecasting of mortality rates - Hybrid mortality models -
Switched models + Lee-Carter model - Ito stochastic differential
equations

1 Introduction

The determination of the mortality models is one of the basic problems not
only in the field of life insurance but recently particularly in the economics of
healthcare [1,3-5]. Currently, the most frequently used model is Lee-Carter [9,11,
12,16,17] not only the change in mortality associated with age x and calendar
year t but also takes into account the influence of belonging to a particular
generation (cohort effect) and takes the form: in(u, ) = g + Bukt + €5+ The
assumption that the estimated a, and b, are fixed at time ¢ causes a wave of
criticism, especially from the point of view of forecasting. Therefore, there is a
need to look for other methods predicting mortality rates that take into account
the variability of parameters over time. One of these propositions may be the
approach recently proposed in Rossa and Socha [18], Rossa et al. [19], Sliwka and
Socha [20], Sliwka [21,22], and based on the Milevsky-Promislov family of models
[15] with extensions [2,7,13]. Methods of modeling p, ; taking into account the
causes of death have been characterized in article [23].
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Works on switchings model, which consist of several subsystems with the
same structure and different parameters and which can switch over time accord-
ing to an unknown switching rule, have been taken, among others in Sliwka and
Socha [20]. In the mentioned paper it was shown that modeling of empirical
mortality coeflicients p, ; using the non-Gaussian linear scalar filters model sec-
ond order with switchings (nGLSFo2s) allows a more precise estimate of fi, ¢
than using the Gaussian linear scalar filters model with switchings (GLSFs) and
Lee-Carter with switchings (LCs) model for some fixed ages x.

In this paper we first propose three extended Milevsky and Promislov models
with continuous non-Gaussian filters. We assume that excitations are modeled
not only by the second but also by the fourth (nGLSFo4) and the sixth order
polynomials (nGLSFo6) of outputs from a linear nGLSF. To estimate the model
parameters we use the first and second moments of mortality rates. We show
that in considered models some of the parameters can be estimated. Next, we use
these models to create hybrid models, where submodels have the same structure
and possible different parameters. To estimate the model parameters we use
the first and second moments of mortality rates. According to our knowledge,
the mortality models proposed above, their hybrid versions and methods for
estimating their parameters and switching are new in the field of life insurance.

The paper is organized as follows. In Sect. 2 basic notations and definitions
of stochastic hybrid systems are entered. Three new basic models represented
by even-order polynomials of outputs from linear Gaussian filter are introduced
and the non-stationary solutions of corresponding moment equations are pre-
sented in Sect. 3. The derivation of these non—stationary solutions are derived in
Appendix. In Sect.4 the procedure of the parameters estimation and determi-
nation of switching points is presented. Based on the adapted numerical algo-
rithm of a nonlinear minimization problem, parameter estimation is performed.
In Sect.5 we have compared empirical mortality rates with theoretical ones
obtained from proposed models as well as from standard LC model in two ver-
sions with switchings and without switchings. The last Section summarizes the
obtained results.

2 Mathematical Preliminaries

Throughout this paper we use the following notation. Let | - | and < - > be the
Euclidean norm and the inner product in R™, respectively. We mark R = [0, c0),
T = [to,0), to > 0. Let = = (2, F,{Fi}+>0,P) be a complete probability space
with a filtration {F;},>0 satisfying usual conditions. Let o(t) : R4 — S be the
switching rule, where S = {1,..., N} is the set of states. We denote switching
times as 7y, 7o, . .. and assume that there is a finite number of switches on every
finite time interval. Let Wy, (t) be the independent Brownian motions. We assume
that processes Wy, (¢) and o(¢) are both {F;}:>0 adapted.

By the stochastic hybrid system we call the vector It6 stochastic differential
equations with a switching rule described by

dx(t) = £(x(t), t,0(t))dt + g(x(t), ¢, (t))dW (1), (o(to), x(to)) = (00, 70), (1)
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where € R" is the state vector, (0g, Zo) is an initial condition, ¢t € T and M
is a number of Brownian motions. f(z(t),¢,0(t)) and g(x(t),t,o(t)) are defined
by sets of f(z(t),t,1) and g(x(t),t,1)respectively i.e.

f(x(t)7t’a(t)) = f(l‘(t),t,l), g(x(t)’tva(t)) = g(x(t),t,l) fOI‘O’(t) =1

Functions f : R"xXT'xS — R"and g : R"xT xS — R" are locally Lipschitz and
such that VI € S;t € T, f(0,¢,1) = g(0,t,1) =0,k = 1,..., M. These conditions
together with these enforced on the switching rule o ensure that there exists a
unique solution to the hybrid system (1).

Hence it follows that Eq. (1) can be treated as a family (set) of subsystems
defined by

M
dx(t,1) = £(x(t),t,)dt + Y gu(x(t),t,)dWi(t), 1€S (2)
k=1
where x(t,1) € R™ is the state vector of [- subsystem.
We assume additionally that the trajectories of the hybrid system are con-
tinuous. It means, when the stochastic system is switched from [; subsystem to
ly subsystem in the moment 7;, then

x(75,11) = x(75,12), li,l2 €S. (3)
3 Models with Continuous Non-Gaussian Linear Scalar

Filters

We consider a family of mortality models with a continuous nGLSF described
by

pa(t,1) = phgexplalt + > gk y'(t, 1)}, (4)
=1
l l
dy(t, 1) = =B, y(t, 1)dt 4, dW (1), (5)

where p,.(t,1) is a stochastic process representing a mortality rate for a person
aged v (r € X = 0,1,...,w) at time t; a!, ﬁil, q;i, i=1,...,m, uﬁco, yil are
constant parameters, [ € S; W(t) is a standard Wiener process.

We will show that the proposed model (4), (5) can be transformed to the
formula (2) for all [ € S.

Introducing new variables y;(t,1) = y(¢,1), wi(t,1) = y*(t,1), i = 1,...m,
l € S and applying Ito formula we obtain

dyl (t7 l) = :lvl 1 (ta l)dt + ’Yil dW(t)’ (6)
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dyz(t,1) = [~26;, y2(t. 1) + (33,)?)dt + 29, y1 (8, D)W (1), (7)

dym (t,1) =
[—mﬁilym(t, 1) + 2= (L )2y, (2, l)} dt +mAL Y1 (t, AW (t).

Taking natural logarithm of both sides of Eq. (4) and applying Ito formula
for all [ € S we find

dln p, (¢, l):ai—i— Zqéidyi(t, )= a;— Z [iﬁilqiiyi(t, 1) (8)
i=1 i=1
2(7’_1) l 1 \2,,. li—2 d - SR DdW
+ e, () w0 Y iy (B DAV () (9)

i=1

Now we consider in details three cases of model (4) and (6)—(7), namely for
m = 2, 4 and 6.
3.1 Model with Six Order Output of a Scalar Linear Filter

Equations (4) and (6)—(7) for m = 6 take the form

6

pa(t,1) = phg exp{alt + > dh ' (1)}, (10)

=1
dyy (t,1) = =B,y (t, D) dt + L, dW (2), (11)
dy2(t,1) = [=265, y2(t,1) + (75,)?]dt + 2, y1 (8, AW (1), (12)
dys(t,1) = [=305,y3(t, 1) + 3(v5, ) ya (t, D)dt + 35, ya2(t, )W (1), (13)
dya(t,1) = [=4085,ya(t, 1) + 6(vz, ) 2y2(t, D]dt + dvg, ys(t, )W (1), (14)
dys(t,1) =[50, ys(t, 1) + 10(~g, ) ya(t, DIdt + 575, ya(t, )AW (t),  (15)
dys(t,1) = [=604, ys(t, 1) + 15(~;, ) ya(t, D]dt + 675, ys (¢, )dW (t).  (16)

Introducing a new vector state

22 (,0) = [z, (1), 20, (1), -+, 20, (8, 1)] T = (17)
[ s (8, 2), 1. (, 1), 928, 1), s (8, 1), a (8,0), ys (8, 0), w6 (8, )] (18)

Equations (10)—(16) one can rewrite in a vector form

dz (t,)=[AS(D)z,(t, 1) + BE(1)] dt + [CE(1)z(t,1) + g2 (1)] AW (1) (19)



352 P. Sliwka and L. Socha

where
AL(D) = [af;], B () = [b]], C2(1) = [ei5)', &2(1) = [gi]- (20)
The elements of the matrices AS (1), CS (1) and vectors bS (1), g8 (l) are defined
by:
aty = =B, 4y, + 34, (72,)%, als = —204, ¢4, + 643, (1,)°

aly, = —30% b, +10q., (7L,)?, abs = =48 qL, + 15¢.,(+4,)?,
75ﬂ3:1 qar ’a17 = 76ﬂx1 qx67a22 = 75551,@%3 = *Qﬂx17a42 (7i1)27
‘134 = _3ﬂlm1aa53 = 6(%1) a55 = _45z17 10(%1) a66 —5&;1,

a’75 - 15(7:1:1) ) - _Gﬂa:pbl = am + ng (7:2’1)271)%’) = (7301) 9

T _ el ol ol ol ol
Cl2 = QQzﬂwlacm = 4%4’7117015 = 94y V2, C16 = 0034 Vay 1 C32 = 275,

!
Cy3 = 3%17054 = 4”Yx1a065 = 5’Yx1ac76 6%:17

gl = q117m1792 = ’YTl

We note that similarly to Eq. (2) we may treat Eq. (19) as a family (set)
of subsystems. It means, we have obtained new mortality hybrid model. The
unknown parameters in family of Eq. (19) are

l l l l l l i l l l l
ln /’L{L’O (: CYO,I)7 a;zﬂ ﬂzl ) qxl ) qm27 qmg Y qa:47 qajs ) qxa ) ’yzl * (21)

3.2 Nonstationary Solutions

Using linear vector stochastic differential Eq. (19) and Ito formula we derive
differential equations for the first order moments E|z,,(l)] and second order
moments |z, (1)2z,(1)], 4,5 = 1,...,7. Next, we find the nonstationary solutions
of the first moment of the processes z,. (t,1) for nGLSF of all order models, i.e.
(nGLSFol), (nGLSFo02), ... (nGLSFo6) models

Elz, (t,1)] = bt + ozf)i, lesS (22)

In the case of second moment of the processes z,,(t,1) we find first the non-
stationary solutions for nGLSF even order models. In the case of sixth order
model it has the form

(23)
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S B N Y N B S 1o
where | € S, q;, = @&, = @y = 1, @@y = @@y, = @y = 1, and ap_, ¢y, are

constants of integration (see Sect. A).
To obtain the moment equations for nGLSF second and fourth order models
and the corresponding stationary and nonstationary solutions we assume that:

— in the case of second order model the parameters qi,z =1, and qﬁm = qiﬁ =0,
~ in the case of fourth order model the parameters ¢, = ¢, = 1, and ¢}, = 0.

The corresponding nonstationary solution for the second moment of the pro-
cess 2y, (t,1) takes the form:

E[zil(t,l)] = (a;)zt2 + 204;046175 — 2a;qlw2pt + clom (25)

for nGLSF second order model, where cf)z is an integration constant, and

Blzz ()] = (a)*t* — 20l [~ap, + a5,p + 345,p%] ¢ + ¢, (26)
for nGLSF fourth order model, where cf)m is an integration constant and p =
(h)?

26L,

It can be proved that in the case odd order models the nonstationary solutions
have similar forms, i.e. in the case of the first order (nGLSFol) model

B2 (t0)]= (ab)*t* + 2alaf t+cfy. (27)

and in the case of other odd order models, i.e. (nGLSFo3), (nGLSFo5),
(nGLSFo7) models the nonstationary solutions are the same as the nonstationary
solutions for nGLSF even order models, i.e. (nGLSFo2), (nGLSFo4), (nGLSFo6)
models, respectively.

4 The Procedure of the Parameters Estimation
and Determination of Submodels (based on Switching
Points)

4.1 The Procedure

Simultaneous estimation of parameters: aé,aé,ﬁi,’yﬁc,cém,qi (where [ € §)

nGLSF models of 2, 4 or 6 order given by formulas (22)—(26) using traditional
methods does not provide unambiguous results (this problem has already been
considered in [20] part 4.1.1, in particular by considering the analytical formula
for estimating parameters of GLSFo2 model). Therefore, in this case, a two-step
procedure was used to estimate the parameters. In the first step, the o, and a,
of the first moment E[z,, (t)] of the process z,, (t) were estimated. In the second
step, co, and p, of the second moment E[z2 (¢)] were estimated based on the
2
l

already known ay ,az,where p, was defined as follows: p, = 275”1 . The applied
o 21

procedure allows to obtain unambiguous estimates of all parameters assuming
that ¢z, = 1,V;=1,. 6.

—
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One of the fundamental problems in the field of switching models is to find
the set of switching points. This problem is closely related to the problem of
segmentation of a time series discussed in many papers (see for instance [10,14]).

In our considerations we propose a procedure which is a combination of a
statistical test (based on [6]) and so called Top-Down algorithm. It has the
following form.

First we introduce some notations. We assume that an extracted time series
(Input) consists of n empirical values Yemp,, Yemps, - - - » Yemp, defined in time
points t1,ts, ..., t,, respectively. By <t;1,t2> we denote an interval that begins
at t; and ends in t5. We define three sets

P - the set of non-verified intervals,
R - the set of intervals without switching points,
7T - the set of switching points.

Then the initial conditions have the form

<t,t,> €P, R=¢, T =¢.

Step 1
We calculate the values of function L(*) given by formula (28)
ool 2 _ T T 2 1 ¢ . 2
L(O‘Owaa:w o ’7—) - _iln(%‘r) - §ln(0 ) - ﬁ ra (yempi - E[th (Z, l)])
n—T n—r 1 - )
~ETnem) = o) — 5 Y Wemps — Bl D) (28)

1=7+1
for all points from an interval <t¢;,t,> and assuming the random component
€ ~ N(p,0?).
If L(r1) = mazL() is found at the beginning or at the end of the considered
interval, then there is not a switching point in this interval. Then we receive

P=¢, <ti,ty>€eR, T=9¢,

If L(11) = maxL(x) is found inside the interval for 7; = t, then

<t1,tg>, <tpq1,tn> €P, R=¢, meT.

Step 2

Choose an interval from the set P and check if its length is greater than 2.
Step 3

If “no”, then transfer this interval from the set P to the set R and go back to
Step 2, if “yes”, go back to Step 1.

Step 4
The procedure is ended when
P =9,

R consists only with subintervals without switching points,
T consists of all switching points that can be sorted from the smallest to
the greatest one.
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4.2 The Determination of Submodels

In Subsect. 4.1 we have established the switching points set, which allow to
define submodels. From (21) and further considerations we find that unknown
parameters in family of (19) are

O‘%)z ) O‘ica pl’ céw (29)
(k)2
260,

Based on the numerical algorithm of nonlinear minimization with additional
conditions of af) (Vz of < 0) parameters (29) given in the formula (23)-
(26) were assessed. The algorithm works by generating a population of random
starting points and next uses a local optimization method from each of the
starting points to converge to a local minimum. As the solution, the best local
minimum was chosen.

For a fixed sex, fixed age x, and knowing the switching points (designated
in accordance with the procedure described above) two sets of time series of
Lzt values were created. In the first case, the estimation of fi,; was based
on empirical data from 1958-2010 (using the next 6 years for ex-post error
evaluation). Similar estimation based on the years 1958-2016 was done in the
second case. In both cases the choice of the theoretical value fi,, at a fixed
moment ¢ from the theoretical values of the models (nGLSFo2), (nGLSFo4) and
(nGLSFo6) was based on minimization of the absolute error (AE), i.e.

where p! =

, and parameters ¢s,, ¢z, , ¢z, are equal 0 or 1.

min |/mnGLSFoi _ ,U/a:7t|-
i=2,4,6

In addition, point forecasts for the period 2017-2025 have been determined.
The parameters for the Lee-Carter model with switchings were estimated based
on the formulas given in the literature [11] and using the same set of switches
as in the case of the nGLSF model.

We note that the hybrid model (19) is continuous. However, the moment
equations of the first and second-order defined by (22)—(27) are not continuous
in switching points because the empirical data of mortality rates we have used
were discrete, and these moments are determined separately for every submodel.

5 Results

Selected results for a 45-year old and a 60-year old woman and man presented in
Figs. 1 and 2 (source of empirical data: [8]). In Figs. 1 and 2, blue circular points
indicate empirical data, red, black and green solid lines indicate the theoretical
values of the models: Lee-Carter (LCs), nGLSF order 2 (nGso2) and nGLSF
mixed order 2,4, and 6 (nGs) with switchings respectively, while the solid purple
line indicates the forecast of the nG (nGsf) for the next five years.
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Fig. 1. Mortality rates for women (left side) and men (right side) aged 45 and empirical,
theoretical values based on the following models: LCs, nGs, and forecasts (Color figure
online)
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Fig. 2. Mortality rates for women (left side) and men (right side) aged 60 and empirical,
theoretical values based on the following models: LCs, nGs, and forecasts (Color figure
online)
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To verify the goodness of fit of the proposed nGs models with switchings to
the empirical mortality rates and compared with Lee-Carter model the mean
squared errors (MSE) between empirical mortality p,; and theoretical values
Lzt in the years 1958-2010 (‘10) and 1958-2016 (‘16) as well as the 95% con-
fidence interval for MSE has been calculated. Selected results (45 and 60-year
old female and male) are presented in Table1 (where: CIy-lower -, CIy-upper
confidence interval, {W, M} x v sk - MSE value for {female, male} aged X). The
results in column 5th illustrate the model (nGso2) considered in [20].

Table 1. Goodness of fit measures (woman-W, man-M) based on MSE.

Sex & Age | EMP-LCs10 | EMP-nGs'19 | EMP-LCs'6 | EMP-nGso2'16 | EMP-nGs'16
Was.cr,, 7.145E—09 | 8.373E—09 | 9.468E—09 | 9.296E—09 7.380E—09
Wis mse | 1.010E-08 | 1.190E-08 |1.320E—08 | 1.290E—08 1.030E—08
Was,c1y 1.541E—08 |1.806E—08 | 1.960E—08 | 1.925E—08 1.528E—08
Weo,c1,, 8.639E—08 | 8.983E—08 |8.351E—08 |9.293E—08 8.190E—08
Weo,mse | 1.220E—07 | 1.270E-07 | 1.160E—07 | 1.290E—07 1.140E—07
Weo,c1y 1.863E—07 | 1.937TE—07 | 1.729E—07 | 1.924E—07 1.696E—07
Mus,c1,, 3.176E—07 | 5.24TE—08 |2.882E—07 |7.714E—08 4.546E—08
Mys vyse | 4490E—07 | 7.430E—08 | 4.010E—07 | 1.070E—07 6.330E—08
Mys,c1y 6.851E—07 | 1.132E—07 |5.967E—07 | 1.597E—07 9.412E—08
Meo,c1,, 1.995E—06 |8.113E—07 | 1.827TE—06 | 9.966E—07 6.578E—07
Mgo,mse | 2.820E—06 | 1.148E—06 | 2.540E—06 | 1.390E—06 9.160E—07
Meo,c 1y, 4.303E—06 |1.750E—06 |3.784E—06 |2.063E—06 1.362E—06

MSE values calculated on the basis of empirical and theoretical data from
1958-2016 and included in Table 1 and Figs. 1 and 2 provide the following con-
clusions:

—_—
nGs

— the theoretical values of the mortality rate u;5® based on the non-Gaussian
linear scalar filters with switching provide closer estimates to empirical values
than i, based on LC model and Jip;"**® with switching for both a 45-
year-old and a 60-year-old woman and man,

— the range confidence interval is the smallest for the nGs model compared to all
other models given in Table 1, which means greater precision of the proposed
nGs for forecasting than the other models presented here,

— the empirical mortality rates for women are more accurately fitted using the
proposed nGs model than for men (lower MSE value),

— based on graphical results (Fig. 1-Fig.2), it can be seen that the proposed
method of modeling p, ; using nGs more precisely adapts to empirical data,
especially for data with a large variance than the LC model (e.g. see empirical
data from 1980-1990 for a 60-year-old man on Fig. 2, right side).
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Moreover, taking into account all results for people aged x = 0, ..., 100 years
(also partly included in Table 1) it can be seen that the proposed nGs model fits
more accurately to the empirical data for younger than older (lower MSE for 45
years old than for 60 years old man and woman).

6 Conclusions

In this paper, three extended Milevsky and Promislov models with excitations
modeled by the second, the fourth and the sixth order polynomials of outputs
from a linear non-Gaussian filter are proposed and adopted to Polish mortality
data. To obtain hybrid models the procedures of parameters estimation and
the determination of switching points were proposed. Based on the theoretical
values obtained from these three models, one series of theoretical values based on
the AE criterion was constructed and compared with the theoretical mortality
rates based on classical the Lee—Carter model. In addition, a point forecast was
computed. The obtained results confirm the usefulness of the switched model
based on the continuous non-Gaussian process for modeling mortality rates.

A natural extension of the research contained in this article is the Markov
chain application (homogeneous or heterogeneous), which will be used to describe
the space of states built on extended Milevsky and Promislov models with exci-
tations modeled by the second, the fourth and the sixth order polynomials. The
issues discussed above will be examined in the next article.

A Appendix

The derivation of stationary and nonstationary solutions of moment
equations in nGLSF six order model
Using linear vector stochastic differential equation (19) and Ito formula we derive
differential equations for the first order moments FE|z,,(l)] and second order
moments Elzy, (1)z,(1)], ,5 = 1,...,7.

Next we find the stationary solutions for the first order moments E[z,,({)],
i =2,3,...,7 and for second order moments Elz,,(I)z,(1)], 4,5 = 1,...,7, (i,]) #
(1,1) equating to zero the corresponding time derivatives, i.e.

dE|z.,(t,0)] .
AASEAF Q. =23, ...
dt 07 ? 333 37 (30)
dE[z. (t,1)z:.(t,1 o ..
. dt)z D] 0, 4,j=1,..,7,(i,5) # (1,1) (31)
Then we obtain
_ ()2

Elza, (t,0)] = Elz0,(t,1)] = Elz26(t,1)] = 0, Elz4, (1, 1)] (32)

26L 7
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Elz4,(t,1)] = O, Elz,. (t,1)] = 3 ( i, )2 Bl (8,1)] = 15 ( V2, )3

B 2ﬁ$1 ’ 2/63?1 2/6751
33)
Hence, from conditions (32)—(33) and equality
Elza, (0] _
= 34
Lol (34)
we find the nonstationary solution for the first moment of the process z, (¢,1)
Elze, (t,1)] = bt + ), (35)

where af, is an integration constant.

Next, taking into account conditions (30)—(31), (32)—(33) and (35) we obtain

N LR ACT R AN _
12 2 12\ ?
E[zmzm(z)]:?’((;;;)) 7E[z§4<1>1=15<(§;;;) ) Blze,20, (0] =0, (37)
12\ ?

Bl 0)] = 0, Blzz, ()22, ()]0, E[zszuaﬂ:w((Z;;)) S
12\ ! 12\ ?
E[zis(l)]:105<(;;) ) ,E[zwzzwﬁ(l)]:w((;;) >  Blzay 205 (1)) = 0

(39)
(42" > (4,)2\
Bl 22, (D) =105 < o ) Bl 20 (D] = 0, EL2, ()] = 945 ( o )
(40)
(7%,)°

200 2L,
(42)
G Y A/ A Ch S AT LA
1 i 2 il 2
Bl (0 D]~ g | 04,2l (0] + ol G 4t (%ﬁ)
(44)

1 (7l )2 ’ 1 (VZ )2 !
+243. q., 2 + 1804.. ¢., a2 )
11x4 2ﬂalu1 116 2ﬁalvl
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12\ 2 12\ 3 12\ ?
E[zmz)zu(l)]3q;1<(;;z> +15qi;3<(;gi> *105‘]55((;52)1) (45)

2 2 2
Bl ()2 (0)]= o [o02, 202 E[zmu)Hga;(%)) N

46
12\ 4 132\ °
Il (Vz,) Il (Vz,)
+ 384511 qm4 ( Qﬁlzl ) + 3600ﬂr1 q-"ffs < 2ﬁé1 5

2 3 2 4 2 5
Bl 22q ()] =154, (M“) > +105¢., ((7;1) ) +945¢ (M”;) ) , (47)

20, 20, 2L,
(L)% 4 55 . (02N o (GE)2)
E[Zﬂﬁl(l)zﬂ?7(l)]:15( 265;1 ) E[Zml(l)} + 45551 afbl 26551 +90qx2 zﬁlm
132\ ° 132\ 8
+900q, <(;;1l) ) +10170q), <(;;11) )
1 (13)

dE[z2
Substituting quantities (36)—(48) to equation for the derivative w we

obtain

BRG]
b~ 90l Bl (1)
1 \2 1 \2 1 \2
~ 2l [qiw o sk (G v (32 >3] (49)

Hence, from Eq. (49) and equality (35) we find the nonstationary solution
for the second moment of the process z, (¢,1)

2 1\2,2 l l l (7i1)2
E[Zwl(t7l)] = (aw) = 20(13 _0‘01, + sz Qﬁl (50)
T
2 3
('Vé: )2 ! ('755 )2 !
+3¢. L + 15¢, 1 t+cp, (51)
4 < 2ﬂ:lbl ° Qﬁlml

where céT is an integration constant.
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