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Abstract - A growing body of data suggests that a significantly
enhanced salivary cortisol response to waking may indicate an
enduring tendency to abnormal cortisol regulation. Based on the
forecasting results, our objective was to apply the response test to
a population already known to have long-term hypothalamo—
pituitary—adrenocortical (HPA) axis  dysregulation. We
hypothesized that the free cortisol response to waking, believed to
be genetically influenced, would be elevated in a significant
percent age of cases, regard less of the afternoon Dexamethasone
Suppression Test (DST) value based on high-order fuzzy logical
relationships. First, the proposed method fuzzifies the historical
data into fuzzy sets to form high-order fuzzy logical relationships.
Then, it calculates the value of the variable between the subscripts
of adjacent fuzzy sets appearing in the antecedents of high-order
fuzzy logical relationships. Finally, it chooses a modified high-
order fuzzy logical relationships group to forecast the free cortisol
response to walking and the short day time profile.

Keywords: Fuzzy Time Series, Genetic Algorithms, Fuzzy Logical
Relationship, Fuzzy Logical Relationship Groups, Mean Square
Error, glucocorticoids, salivary cortisol, bipolar disorder, lithium,
Dexamethasone Suppression Test, DST.

1. INTRODUCTION

Forecasting plays an important role in day to day life. If there
is an uncertainty about the future, then decision makes need
to forecast. Forecasting is the process of predicting future
outcomes, by which decision makers analyze the data and
graphs to decide and take the best decisions for the future.
For the past few decades, various approaches have been
developed for forecasting[1] [2] [3].

A growing body of literature points to hypothalamo-
pituitary—adrenocortical (HPA) axis dysregulation as a
critical factor in the development of mood disorders. Long-
term enhanced cortisol secretion may have important health
ramifications in addition to its contribution to mood
syndromes. The free cortisol response to waking is a
promising series of salivary tests that may provide a useful
and non-invasive measure of HPA functioning in high-risk
studies. The small sample size limits generalizability of our
findings. Because interrupted sleep may interfere with the

waking cortisol rise, we may have underestimated the
proportion of our population with enhanced cortisol
secretion. Highly cooperative participants are required[4].

We are interested in minimizing the error in the forecasting
using regression models. In regression models, violation of
assumptions regarding the behavior of stochastic variable
contributions to error. Our attempts to minimize the error led
us to search an alternative method which motivated us to
work on fuzzy time series model based forecasting. Many
researches are applying high-order fuzzy logical relationships
to forecasting problems. However, the size of error still
remains high. Hence we attempt to modify the algorithm in
order to reduce the size of error in forecasting.

The aim this paper is to propose a method to attain better
forecasting accuracy by using fuzzy time series. We
hypothesized that the free cortisol response to waking,
believed to be genetically influenced, would be elevated in a
significant percent age of cases, regard less of the afternoon
Dexamethasone Suppression Test (DST) value based on
high-order fuzzy logical relationships. First, the proposed
method fuzzifies the historical data into fuzzy sets to form
high-order fuzzy logical relationships. Then, it calculates
the value of the variable between the subscripts of adjacent
fuzzy sets appearing in the antecedents of high-order fuzzy
logical relationships. Then, it lets the high-order fuzzy
logical relationships with the same variable value form a
high-order fuzzy logical relationship group. In section 2, the
basic concept and definition of fuzzy time series are
presented. In section 3, modified method [5] is given. In
section 4, numerical example and the experimental results
are presented. Finally conclusions are presented in section 5.

2. PRELIMINARIES

Recently, interest has turned to more refined testing and the
probability that HPA dysregulation may even predate the
onset of clinical illness [6]. Preliminary data suggest that this
dysregulation may be concentrated within the families of
individuals with mood disorders [7], suggesting the
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hypothesis that early abnormalities in cortisol regulation may
confer a risk for the future development of mood disorders.
To understand the temporal relation between HPA
dysregulation and the onset of bipolar disorder (BD), it is
essential to have a reliable and non-invasive test that can be
repeatedly administered prospectively and is acceptable to
high-risk populations. Promising candidates for such a test
include the salivary free cortisol response to waking and the
short day time profile, a test that adds afternoon and evening
measurements to the waking values.

The concepts of fuzzy time series are presented by
Song and Chissom, where the values in a fuzzy time series

are represented by fuzzy sets (Zadeh, 1965) [8]. Let D be
the universe of discourse, where D = {di }?:1. A fuzzy set

A, in the universe of discourse D is defined as follows:

0 f, (d;
Ai:Z A‘-d(|)

i=1 i

function of the fuzzy set A, f,: D — [0,1] , fa(d))

. Where f

A is the membership

is the degree of membership of d; in the fuzzy set A,

f,(d;)e[01] and 1< j<n.

Let Y(t)(t=....,0,1,2.....) be the universe of discourse in
which fuzzy sets f, (t)(i=212......) are defined in the
universe of discourse Y (t). Assume that F(t) is a
f,(t)(i=12....), then F(t) is called a
fuzzy time series of Y (t) (t=....,01,2.....).

collection of

Assume that there is a fuzzy relationship R(t —1,t),
such that F(t)=F(t—1)oR(t —1,t), where the symbol
“0” represents the max-min composition operator, then
F (t) is called caused by F(t —1).

Let F(t-1)=A and let F(t)=A; , where A and
Aj are fuzzy sets, then the fuzzy logical relationship (FLR)

between F(t—1) and F(t) can be denoted by A; — A,

, where A, and Aj are called the left-hand side(LHS) and

the right hand side (RHS) of the fuzzy logical relationship,
respectively.

If

F(t_n):Aim
....... Ft-2)=A,, :
F(t-1)=A,and F(t) = A,

where A, ,.....

nth-order fuzzy logical relationship can be represented by
Ao Ay Ay = A,

Az Ay and A; are fuzzy sets, then the

side and the right-hand side of the nth-order fuzzy logical
relationship, respectively.

3. ANEW FORECASTING METHOD BASED ON
HIGH-ORDER FUZZY LOGICAL RELATIONSHIPS

Following is the modified forecasting method based
on higher order fuzzy logical relationships. In many of the
exiting algorithms, the universe of discourse is considered as

D=[B

where B, and B,

-B,, B + Bz] into intervals of equal length,

min

« are the minimum value and the

maximum value of the historical data, respectively, and B,
and B, are two proper positive real values to divide the

universe of discourse D into n intervals d,d,,.....,d, of

equal length. Here we considered the universe of discourse
using normal distribution range based definition, i.e., D = [u
- 30, u + 30] where u and o are mean and standard deviation
values of the data, respectively. Also, in the exiting method
[9], the forecasted variable is calculated by taking into
account all the values including the repeated values are
considered as single value. We call the forecasted value is
modified forecasted variable, because of these modifications,
the root mean square error of the modified method is
minimum composed to the existing method. In this section,
we present a modified forecasting method based on high-
order fuzzy logical relationships as follows:

Step1l: Define the universe of discourse D, D =[u - 30, u +
3c] where u and o are mean and standard deviation values of
the data, respectively and the universe of discourse D

divide into n intervals d,,d,,.....,d,, of equal length.

n

Step2: Define the linguistic terms A represented by fuzzy

sets, shown as follows:
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A %%

A 54055 %
o +%n72 +%n,1+yn'
Aa= %1+%2+%3+%4

-0 0 0 0
A = A1+A2+A3+A4+ ..........
0 0.5
+An—2+ An—l—i_}/n’
Where A, A, ,....andA, are linguistic terms represented

by fuzzy sets.

Step3:Fuzzify each historical datum into a fuzzy set defined
in Step2. If the historical datum belongs to di and the

maximum membership value of A occurs at d; , then the

historical datum is fuzzified into A, where 1<i<n.

Step4: Construct the nth-order fuzzy logical relationships
from the fuzzified historical datum of the training data set.

Step5: Transform each nth-order fuzzy logical relationship

n
Axl’sz’Axa’ ....... ,ij, ........ ,An ) )
. into the following
- A,
form:
Axl’ AX1+v(x1) VXL (xq)4v (Xg) !

KLV (XY (X2) otV (X Y

XLV (X1)4V (X2 )itV (X} Y W (Xm)

—>AX1+V(X1)+V(X2)+ ......... V(X )b SV (Xm)+V (Xn) | Where
V(X,),V(X,),....,andV (X ) are integers.
Step6: Let the transformed nth-order fuzzy logical

relationships obtained in Step5 having the same left-hand
side form a nth-order fuzzy logical relationship group. For
example, let us consider the following transformed third-
order fuzzy logical relationships:

Aa1’ Aa1+V(a1) ! Aal+v(a1)+v(a2) — Aal+\/(al)+v(a2)+v(a3) !
A)l , A)l , Abl — A)l
4V (bp) +V (b )+V (b2) +V (b )+V (b2)+V (b3) *

—>
Ak1’ Akuvm) ! Ak1+v(k1)+v(kz) A1<1+V(k1)+\/(k2)+V(k3) !

Where V(a)=V()=...... =V (k,) and
V(a,)=V(b,)=...... =V (k,), then these third- order

fuzzy logical relationships can be grouped into a transformed
third-order fuzzy logical relationships group, shown as
follows:

A A

—> A A where

KV () (12040 (ag) 0 KV (v (V)4 (bg)

W) T XL () (vp)

X =ay,by,.....k,,
V(Y,)=V(a)=V([0)= . =V (k,) and
V(Y,)=V(a,)=V (B,)=......... =V (k,).

Step7: Choose a transformed nth-order fuzzy logical
relationship group for prediction. Assume  that

Ft—-n)=A,,

F(t_(n_l)):Ai(n—l)’

........ F(t-2)=A, and F(t-1)=A,
we want to predict F(t), where A, A, ........ ,and A,

are fuzzy sets. Based on the transformed nth-order fuzzy
logical relationship groups obtained in Step6, choose the
corresponding  transformed  nth-order fuzzy logical
relationship group for prediction. If the chosen transformed
nth-order fuzzy logical relationship group is:

, and assume that
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A By gy eoeeeeees A Where RV (t —1) is the real value on trading day t-1.

- Ax+v(v1)+ ........... W (Yp_1)+V (an) Ax+v(v1)+ ......... WV (Y)Y (by) where 4. EXAMPLE

KAV (YL)4V (Y2 ) etV (Y1 )4V (kn )
A=A Ay = Ay gy e a

, then replace X by
= Ax AV (Y)Y (V)i tV (Yog)

the subscript in of the fuzzy set A, to get the derived fuzzy

A1n+V (Yp)+s AV (Ynp )+ (ay)?

sets for prediction. Let

Ain+V (Y)+ees AV (Yingy J+V (B )y
aNAAR LY (1) 5.tV (Y1) +V (kn)

Ajl = An+V(Y1)+ ......... V(Y)Y (a,) ? let

Aj2 = A1n+V(Yl)+ ......... BV (Vg )4V (B Yo and let

Ajk :Ain+V(Y1)+ ......... V(Y )4V (K,) Then, the modified

forecasted variable FVar is calculated as follows:

2.m;

MFVar = ‘ZlT— m, (1

Where  the  maximum  membership  values  of
A; Ap A esandA, ocour  at the intervals
d,,d i d j2reeeees ,and d K respectively, and

My, M;;,My,....,andm;,  are the midpoints of the
intervals d;;,d;;,d,,......,and d  , respectively (only

take distinct value). The modified forecasted value FV is
calculated as follows:

MFV =RV (t-1) + FVar, )

We apply the proposed method to forecast the Longitudinal
Dexamethasone Suppression Test (DST) data on a fully
remitted lithium responder for past 5 years who was
asymptomatic and treated with lithium throughout based on
high order fuzzy logical relationships. D = [u - 30, u + 30]
where p and ¢ are mean and standard deviation values of the
data, respectively and the universe of discourse D divide
into n intervals d,,d,,.....,d,
216.61, 6 = 89.03, u - 36 =-50.48 and u + 30 = 483.7, the
universe of discourse D = [-50.48, 483.7] = [-50, 480]. But
A, A,,....andA; are linguistic terms represented by fuzzy
sets. A; =[50, 100], A, =[100, 150], A; = [150, 200], A, =
[200, 250], As = [250, 300], As = [300, 350], A; = [350,
400], Ag = [400, 450]

of equal length. Here u =
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Figure 1: The Longitudinal Dexamethasone Suppression Test
(DST) data on a fully remitted lithium responder for past 5
years who was asymptomatic and treated with lithium
throughout

Table 1: Fuzzy logical relationships of first order and second order

S. No Actual Value Fuzzy set Fuzzy logical relationships of Fuzzy logical relationships of second order
first order

1 225 Ay B -

2 190 A3 A4—>A3 -

3 395 A; Az—A; As, As— Aq
4 140 A, Ar—A, Az, Ar— A,
5 90 Al Ar—A, A7, Ac— Ay
6 120 A, Ai—A, Az Ai— A,
7 180 Az Ar—Aj A1, Ar— A
8 110 A, Az—A, Az, As— A,
9 210 A4 A2—>A4 A3, A2—> A4
10 145 Az A44>A2 Az, A44> Az
11 190 A3 AZHAg A4, Az g A3
12 185 As As;—A; Az Az— Az
13 260 As Az—As Az, Az— As
14 210 A4 A5—>A4 A3, A5—> A4
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15 430 Aa A4—>Aa A5, A4—> As
16 430 Ag AgHAg A4, ABH Ag
17 420 Asg Ag—As Ag, Ag— Ag
18 190 A3 AgHAg Ag, ABH A3
19 260 As Az—As Asg, Az— A
20 190 Az As—Aj Az, As— A
21 295 A5 A3—>A5 A5, A3—> A5
22 270 As As—As Az, As— As
23 230 A4 A54>A4 A5, A54> A4
24 140 Az A44>A2 A5, A44> Az
25 199 A2 A2—>A2 A4, A2—> Az
26 120 A2 A2—>A2 Az, A2—> Az
27 315 As Ar—As Az, Ar— As
28 390 A; As—A7 Az As— Ay
29 145 Az A74>A2 Ae, A74> Az
30 210 A4 AZHA4 A7, AZH A4
31 135 A2 A4—>A2 Az, A4—> Az
32 140 A2 A2—>A2 A4, A2—> Az
33 140 A2 A2—>A2 Az, A2—> Az
34 310 Ag Ar,—As Az Ar— Ag
35 210 A4 AGHA4 Az, AGH A4
36 180 A3 A44>A3 Ae, A44> A3
37 195 A3 A34>A3 A4, A34> A3
38 175 A3 A3—>A3 A3, A3—> A3
39 190 Az Az—Aj Az, Az— A
40 210 A4 A3—>A4 A3, A3—> A4
41 135 Az A44>A2 Ag, A44> Az
42 175 A3 AZHAg A4, AZH A3
43 195 As As;—A; Az Az— Az
44 210 A4 A3—>A4 A3, A3—> A4
45 120 A2 A4—>A2 A3, A4—> Az
46 385 A7 A2—>A7 A4, A2—> A7
47 290 As A;—As Az Ar— As
48 195 A3 A54>A3 A7, A54> A3
49 140 Az A34>A2 A5, A34> Az
Table 2: Transformed second order fuzzy logical relationship groups

Groups Transformed second order fuzzy logical relationship

Group 1 Ax, Axs— Axs1, Axsiz, Axsez

Group 2 Axt; Axa— Axo+1, Axar2y Ax2+0) Ax2+0) Ax2-1y Ax2+1; Axa+5, Axa-2, Axa1

Group 3 Ax, Ax1—= Axaia, Axaer, Axaz, Axreas Axer2, Ax-1e0

Group 4 Axy Axr0— Ax+or2) Ax+0+0) Ax+0-5y Ax+0-1) Ax+0+0s Ax0+4r Ax+0+0r Ax+0+4r Ax+0+0s Ax+0+0,

AX+O+1! AX+0+1

GTOUD 5 Ax, Axs1— Axset, Axarar Axaret, Axars, Axe1r0, Axten

Group 6 Axt, Axro— Axaz-2, Axea-1r Axa2, Axsaro, Axz-2

Group 7 Axt; Axsa— Axraro, Axarts Axeaz

GrOUp 8 Ax, Ax+5—> Ax+5_2
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Figure 2: Comparison of actual and forecasted values of given data, The Longitudinal Dexamethasone Suppression Test (DST)
data on a fully remitted lithium responder for past 5 years who was asymptomatic and treated with lithium throughout

Experimental results

There was a significant difference between BD patients
and our control subjects in the maximum percentage rise of
salivary cortisol response to awakening. Those showing a
waking response also had significantly higher mean
cortisol values at 30 minutes after waking, compared with
509 normal subjects described in Wust’s and others study.
Base line values at time zero, immediately upon waking,
did not differ significantly between our sample and Wust’s
control subjects. Patients and our 5 control subjects did not
differ significantly in the percent age decline from the peak
morning value to the evening values.

In this section we apply the proposed for
forecasting the Longitudinal Dexamethasone Suppression
Test (DST) data on a fully remitted lithium responder for
past 5 years who was asymptomatic and treated with
lithium throughout. We evaluate the performance of the
proposed method using the root mean square error
(RMSE), which is defined as follows:

2

| forecasted value, —acutual value; |
RMSE =
n
Modified Error of each value; (M.E)
= |forecasted value; — actual value;| / forecasted value;

Where N denotes the number of dates needed to be

forecasted, forecasted value, denotes the forecasted
value on trading day,, actual value; denotes the actual
value on trading day, and 1<i<n. It means that the

proposed method gets a higher average forecasting
accuracy rate than other existing methods to forecast the
maximum percentage rise of salivary cortisol response to
awakening. we can see that the proposed method get the
smallest RMSE than Huarng’s method and Huarng’s and
Yu’s method for forecasting the enrollments of the
University of Alabama.

Table 3: Actual value and Forecasted value of given data

S. No Actual Value Forecasted Value M.E
1 225 - -
2 190 - -
3 395 240 0.645833
4 140 378.33 0.629953
5 90 240 0.625
6 120 1775 0.323944
7 180 120 0.5
8 110 -45 3.444444
9 210 1975 0.063291
10 145 160 0.09375
1 190 232.5 0.182796
12 185 165 0.121212
13 260 245 0.061224
14 210 210 0
15 430 260 0.653846
16 430 355 0.211268
17 420 330 0.272727
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18 190 320 0.40625
19 260 290 0.103448
20 190 343.33 0.446597
21 295 231.66 0.273418
22 270 245 0.102041
23 230 295 0.220339
24 140 280 05

25 199 290 0.313793
26 120 259 0.53668
27 315 180 0.75

28 390 208.33 0.307277
29 145 320 0.546875
30 210 245 0.142857
31 135 160 0.15625
32 140 205 0.317073
33 140 200 03

34 310 200 0.55

35 210 293.33 0.284083
36 180 360 05

37 195 230 0.152174
38 175 255 0.313725
39 190 235 0.191489
40 210 250 0.16

41 135 185 0.27027
42 175 205 0.146341
44 210 255 0.176471
45 120 185 0.351351
46 385 190 1.026316
47 290 285 0.017544
48 195 290 0.327586
49 140 236.66 0.408434

5. CONCLUSION

In this paper, Our dysregulation, even when lithium-
responsive BD patients are clinically well and their DSTs
are observations support the hypothesis that the free
cortisol response to waking can reflect relatively enduring
HPA normal. Because the test is easy to administer, the
free cortisol response to waking may hold promise as a
marker in studies of high-risk families predisposed to, or at
risk for, mood disorders, we have presented a new method
for forecasting the Longitudinal Dexamethasone
Suppression Test (DST) data on a fully remitted lithium
responder for past 5 years who was asymptomatic and
treated with lithium throughout based on high-order fuzzy
logical relationships. The Modified method gets a higher
forecasting rate than the existing methods.
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