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Interval Probability of Data Querying Based on
Fuzzy Conditional Probability Relation®

Rolly Intan f

Abstract—This paper discusses fuzzification of crisp
domains into fuzzy classes providing fuzzy domains.
Relationship between two fuzzy domains, X; and Xj,
is represented by a matrix, w;;. If X; and X; have n
and m elements of fuzzy data, respectively, then w;;
is n x m matrix. The primary goal of the paper is
to generate and provide some formulas for predicting
interval probability in the relation to data querying,
i.e., given John is 30 years old and he has MS degree,
what is his probability to getting high salary.
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1 Introduction

In this paper, we process a certain relational database
by classifying every domain into several value of data
or elements, i.e.[1], component age can be classified into
about 20, about 25, ---. Assuming that every classified
data is a fuzzy set, we must determine a membership
function which represents degree of element belonging to
the fuzzy set. Then, we construct a model of system data
to describe interrelationship among all components of the
system using conditional probabilistic theory. Relation-
ship between two components, X; and Xs, of a system
is expressed in a matrix wis. If component X; has n
elements, X5 has m elements then matrix wis is n X m
matrix, where azlf € wio expresses weight or degree of
dependency of xo; € Xo from zq; € Xq, for 1 < i < n,
1 < j < m. Through this model, we generate some for-
mulas to predict any value of data related to a given query
of input data i.e., given John is 30 years old and he has
MS degree, what is his probability of getting high salary?
Given input of data querying can be precise as well as im-
precise data (fuzzy data). First, before the data can be
used to make prediction, we must find their probabilistic
matching related to elements of components of system by
using Point Semantic Unification Process as introduced
in [6, 8, 11]. Here, Point Value Semantic Unification can
be considered as a conditional probability between two
fuzzy sets. Two different formulas are provided to cal-
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culate upper and lower bound probabilities of prediction.
Hence, result of prediction works into a interval truth
value [a,b] where a < b as proposed in [7].

2 Basic Concept
2.1 Conditional Probability

P(H | D) is defined as a conditional probability for H
given D. Relation between conditional and unconditional
probability satisfies the following equation [10].

P(H N D)

P(H| D) = =55

(1)
where P(H N D) is an unconditional probability of com-
pound events "H and D happen’. P(D) is unconditional
probability of event D.

2.2 Point Semantic Unification

Given f is a fuzzy set defined on the discrete space
X ={z1,z2,...,xn}, namely

f=1{a/r, xe/r2, .y Xn/Tn}, Where x; € [0,1] is a
membership degree of z; in fuzzy set f.

Suppose f is a normal fuzzy set whose elements are or-
dered such that x1 =1, x; > x; ¢f ¢ < j; The mass
assignment corresponding to the fuzzy set f is [6, 8]

my = {{I17I27 axz} *Xi 7X7;+1}, with Xn+1 = 0. (2)

Let my = {L; : [;} and mg = {N; : n;} be mass assign-
ments associate with the fuzzy sets f and g. Relation
between m; and my is represented by a matrix M. From
the matrix,

M:{mij}—{W}-li-nj. 3)

The probability P(f | g) is given by [6]:

P(f1g) =Y (@

For example, let f = {1/a,0.7/b,0.2/c} and g =
{0.2/a,1/b,0.7/c,0.1/d} are defined on X = {a,b,c,d, e},
as arbitrarily given by

my ={a:0.3, {a,b}:0.5, {a,b,c}:0.2},

mg ={b:0.3,{b,c}:0.5,{a,b,c}:0.1,{a,b,c,d} :0.1}.
From the following matrix(i.e. m13 = 0.01, mgz = 0.03),
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0.3 0.5 0.1 0.1
{b} | {b,c} | {a,b,c} | {a,b,c,d}
0.3 {a} 0 0 0.01 0.00075
0.5 {a,b} | 0.15 | 0.125 | 0.0333 0.025
0.2 {1,b,c} | 0.06 | 0.1 0.02 0.015

the probability P(f | g) = 0.53905. It can be proved
that Point Semantic Unification satisfies P(f | g) + P(f |
g) = 1. Thus, Point Semantic Unification is considered as
a conditional probability.

2.3 Interval Probability

An interval probability IP(F) can be interpreted as a
scope of probability of event E, P(FE), i.e IP(E) = [e1, eq]
means e; < P(F) < ea, where e; and ey are minimum
and maximum probability of E respectively [7]. Given
two probabilities P(A) = a and P(B) = b for event A and
B, where a,b € [0, 1], interval probability of compound
event A and B happened’ is defined by

IP(ANB) = [max(0,a +b— 1), min(a,b)].  (5)

Interval probability of compound event ’A or B happened’
is defined by

IP(AU B) = [max(a,b),min(1,a + b)]. (6)

3 Construction Model of System Data

A system data is defined as S(Er, X). Here, Er is the
number of data entries or number of records, and X is a
set of domains or components in the system. If there are
n components then X = (X1, ..., X,,). For example, given
CAREER DATABASE in Table 2.1[1]. By assuming that
CAREER is a system data, it has 10 entries and three
components, education, age, and salary, therefore Er =
10, X = {X; : education, X5 : age, X35 : salary}. Now,
we try to find relation among education, age, and salary.

Table 2.1. CAREER DATABASE

Rec# | Education | Age | Sallary
#1 MS 35 | 400,000
#2 SHS 24 | 150,000
#3 PhD 44 | 470,000
44 JHS 45 | 200,000
#5 ES 35 | 125,000
#6 SHS 37 | 250,000
#7 MS 39 | 420,000
#8 SHS 27 | 175,000
#9 MS 45 | 415,000
#10 SHS 56 | 275,000

First, all three domains are classified as follows.
education = {low_edu, mid_edu, hi_edu},

age = {about_20, about_25, ..., about_60},

salary = {low_slr, mid_slr, hi_slr},

where we assume that membership functions of low_edu,

mid_edu, and high_edu are given by

low_edu = {1/N,0.8/ES,0.5/JHSY},

mid-edu = {0.2/ES,0.5/JHS,0.9/SHS,0.2/BA},
hi_edu = {0.1/SHS,0.8/ BA,1/MS,1/PhD}.

In general formula, membership function of age,

about-n = {0.2/(n —4),0.4/(n—3),0.6/(n — 2),
0.8/(n—1),1/n,0.8/(n+1),0.6/(n+2),0.4/(n+ 3),
0.2/(n+4)}.

Membership functions of salary are given by trapezoidal
or triangular membership functions, as follow.

low_slr = [1/0,1/100000, 0/150000],

mid_slr = [0/100000, 1/150000, 1/250000, 0/300000],
hi_slr = [0/250000, 1/300000].

Through all membership functions above, we calculate
and transform Table 2.1 into Table 2.2.

Table 2.2. CAREER FUZZY VALUE
Education Age Salary
T TIT Eay o ton T TIT
o i h b b b o i h
w d i o o o w d i
. . u u L. u . - .
Rec# e e e t t t B} s s
d d d . - - 1 1 1
u u u 20 25 60 r r r
#1 0 0 1 0 0 0 0 0 1
#2 0 0.9 0.1 0.2 0.8 0 0 1 0
#3 0 0 1 0 0 - 0 0 0 1
#4 0.5 0.5 0 0 0 . 0 0 1 0
#5 0.8 0.2 0 0 0 0 0.5 0.5 0]
#6 0 0.9 0.1 0 0 0 0 1 0
H#T 0 0 1 0 0 B 0 0 0 1
#8 0 0.9 0.1 (0] 0.6 - 0 0 1 0
#9 0 0 1 0 0 e 0 0 0 1
#10 0 0.9 0.1 0 0 ‘e 0.2 0 0.5 0.5
Z 1.3 4.3 4.4 0.2 1.4 e 0.2 0.5 5 4.5

X, is defined as compound attributes to express com-
ponent of the system, where X, is considered as a
If there are k elements of X, then Xn =
(Tni, .oy Tnk), where x,; is element ¢ of compound at-
tribute X,, and for further, x,; is called attribute. For
example, if system CAREER has three compound at-
tributes, X7 : education, X5 : age and X3 : salary, then
r11 = low_edu, xo5 = about_40, x31 = low_slr. e}” is de-
fined as membership’s value of entry j for attribute x,;.
For example, as shown in Table 2.2., el! = 0.5,el? =
0.9,e3! = 0.2, etc. If compound attribute X, has k at-
tributes, it can be proved that Vj ), ..« e;-” =1.
N(zp;) is defined as sum of entries value for attribute z,;
as follows.

vector.

N(zp)= > e (7)

1<j<Er

If compound attribute X,, has k attributes, it can be
proved that Er =", N(zns).

For example, as shown in Table 2.2., N(z11) =
N(low_edu) = 1.3.

P(xy;) is defined as probability of attribute x,; as fol-
lows.

If compound attribute X,, has k attributes then, it can
be proved that » ;. P(ni) = 1.
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3.1 Relation Among Compound Attributes
P(zpi N Tmpn)

Plan) (11)

ap;” = P(Tmn | 2ni) =

If there are Er number of entries, then

: ] h
apr — e PG G (12)

-
1<j<Er=j

From equations (9-10) and (11-12), we conclude that a}™
and aj" are in general different.

The above definition leads to the conclusion that every
Figure 2.1: Relation Among Compound Attributes, X;, attribute can be used to determine itself perfectly.
XQ, and X3.

VX 2 € X, LEni0Tni)
Given three compound attributes, X1,X> and X35. Rela- P(zni)

tion among them can be illustrated in Figure 2.1. wy,
is defined as a weight matriz, to express degree of depen-

=1. (13)

If compound attribute X,, has k attributes, then,

dency of X,, from X,,. For a k-compound attribute X, 1 aly - aly
. . nn nn
and a j-compound attribute X, wpm = (al7")kx; and - a9 1 cee Qo 1
Wmn = (a]5")jxk present two different matrices as given Wnn = : : . : (14)
by a'gn a;cln . 1
r ,nm nm nm 7 1 2
ayy A v a4y
nm nm nm
A1 Qg Qgj . .
Wnm = ) . ) ) 3.2 Relation Among Attributes In System
L ap" apyt ceeoag | Given three attributes, z1, € X1, 2, € Xo
and z3, € Xs. Relation among these three at-
tributes can be seen in Figure 2.2. as follows.
r mn mn mn 7
arp a1 o Ag
mn mn mn
Gg1 Ay v Qg
Wmn =
mn mn mn
L 41 G52 @i

Each element of matrix wy,m, entry aly™ € [0, 1] expresses
numerical probabilistic value of relation from x,,; € X,, to
Tmh € X . alp" can also be interpreted as conditional
probability as follows.

P(zpi N Tmn)
P(l‘mh)

nm

i = P(Tni | Tmn) =

9)

Figure 2.2: Relation Among Attributes, T14, T2v, T3

If there are Er number of entries, then In order to understand the meaning of this connection,

relation of .
E 4 min(e’»”' emh) we use relation of sets
nm __ 1<j<Er )]

= - (10)
' D<j<mn € "

where P(2,,;Nxmp) expresses probability of entries which "v
be inside x,; and .. Vi

In [4], (10) is defined as a fuzzy conditional probability

P(Ilu N I3r)

relation.
P(-%'lu N .’IJ3T) 31
P(x1, N3 = ————— 2 . P(x1y) =a>, - P(xy
On the other hand, a}/i"" expresses numerical probabilistic (1 ) P(x1.) (@) ru - Plen)
value of relation from z,,;, € X,, to x,; € X,,. afi" can P(z1, Nx3,) 13
also be interpreted as a conditional probability as follows. = P(x%—) - P(x3,) = ay, - P(xs3,).
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Both a2l - P(z1,) and al? - P(x3,), point to the same area
or quantity, are 1ntersect10n between 1, and Igr In the
same way, we can find two other relations, a23 - P(z3,) =
a2 . P(xq,) and al2 - P(w2,) = a2l - P(x14), which are

proved as follows.

<3N
"

P(l‘gv n l‘gT)

P(Jij N xSr)

P(IQU N 51737") = P(l‘gv) . P(‘TQ'U) = a’irz) : P(xQU)
_ % Plasy) = a2 Plzs,).
@ P(.’I,'lu N .’IJQU)
T
L
=24
\/
Pl en) = DG Pl = ol Pl
_ P(x1y Nxoy)
= T%) P(CL’QU) u% . P(ZL'QU.

From the relations above, we find the following equation.

Gy - Gy Gy~ Gy (15)
al? aly
Proof:
arlj -P(xg,) = a%i - P(x14)
P(!Es ) 5 Plasr)
( 23 - ) = a‘?)rlt ! (alui : 31T )
TT) aT?L
al? . ayy — g2t allf;.
uv a?% VU a%;

Important characteristic of relation among attributes is
transitive relation, i.e. given al2, a%}“ a2, a?? and we
would like to find interval value of a'2, which satisfies the
two following equatlons.

Lower bound of a}

uT’

ur7

a2
al3 > max{0, (al? + a2 — 1)} (16)
Upper bound of al3,
13 a2l
Ay < Hlln{a”” uv} ;; + (17)
aT’U
12 32 23
a a a
min{(1 — a2l)- 5, (1= a?3) - a;;’ : a;’g.

vu vr v

Proof

To find the upper bound of al2, first we take the maxi-
mum area inside xs,, result of intersection between two
intersection areas which are intersection between 1, and
Tg,, expressed in al? and intersection between x3, and
Toy, expressed in a32 The maximum area that is result of
overlapping between the two intersection areas can be ex-
pressed in min function applied to a2 and a22. The next,
we plus with maximum intersection between remain i,
and 9, which be outside of x3,. Again, this area can
be expressed in min function applied to (1 — a2l) and
(1 —a23). Value of these two area point to two different
area, r1, and x3.. However, in order to be compared,
they must point to the same area, in this case we use xa,

as base for their comparison. Therefore we must convert
32

and gg , respec-
>

them into z2, by multiplying with gf

Ay

tively. Flneully7 agam we must convert all from T2, into

T3r
—
. Z Z min{a?? al?} = al2
% T :
T3y |: : L1 al2
B : min{(1 — a?2l)- 3,
: : o
32
: : _ 423 . @
- : (1—-a2 a%g}
5 5 32
— | 23Y . Ay,
= (1 —ayy) - o3
o

Figure 2.3: Maximum Area of Intersection between x1,,
and x3, inside za,.

To find the lower bound of al?, we take the minimum
area inside xo,, result of intersection between two inter-
section areas which are intersection between x1,, and xo,,
expressed in al? and intersection between 3, and s,
expressed in ai’f,. The minimum area which is result of
as much as possible avoid overlapping between the two
intersection areas can be expressed in max function ap-
plied to al? and a2 as shown in (16). The next, we

convert quantrty of the maximum area from xo, into x3z,
32

Tl Lo T2 Z3r
Do max(0, (al? +a32 — 1))
= ay;, +a; — 1

Figure 2.4: Minimum Area of Intersection between x1,,
and x3, inside zo,.
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4 Calculating Prediction

Constructed model of the system can be used to predict
interval probability (find lower and upper bound) of any
data querying. This section generates formulas to calcu-
late interval probability of the data querying. First, user
must give input related to the compound attributes. Q
is defined as a set of input data given by user to do query
for a certain data. If there are n compound attributes
then @ = {q1,...qn} where ¢; is data input related to
compound attribute Xj;. For example, suppose CA-
REER system has been constructed, given John is old
man and has MS degree as input for age and education
respectively, where q; = old and ¢, = M S.

P(X;,q;) is defined as probabilistic matching of com-
pound attribute X; toward given input data ¢;. If there
are k elements or attributes of compound attribute X;,
then,

P(quz) = (pila 7sz)7

where p;; = P(xi; | ¢;) expresses conditional probability
for x;; given ¢;. In this case Point Semantic Unification
Process [6, 8] can be used to calculate p;;.

For example, given ¢; = old which is a fuzzy set
defined as ¢, = [0/55,1/60]. X; = age has 9 at-
tributes as defined in Section 2, as given by X; =
{about_20, about 25, - - -, about_60}. By applying point se-
mantic unification process to membership function of age
as defined in Section 2 and membership function of ¢;,
we calculate P(X;,¢;) as follows. First, we calculate
the mass assignment for g;. It is equivalent to the ba-
sic probability assignment of Dempster Shafer Theory as
given by myg, = {56,57,58,59,60} : 0.2, {57,58,59,60} :
0.2{58,59,60} : 0.2,{59,60} : 0.2,{60} : 0.2. Next
i.e. mass assignment for x;3 = 55 as one attribute of
X; is given by m,,, = {51,...,59} : 0.2,{52,...,58} :
0.2,{53,..,57} : 0.2,{54,55,56} : 0.2,{55} : 0.2. Pro-
cess to calculate Point Value Semantic Unification of
relation between two fuzzy set, old and about 55 or
P(about_55, 0ld) is shown in the following table.

(18)

0.2 0.2 0.2 0.2 0.2
{56,...,60} {57,...,60} {58,59,60} {59,60} {60}
0.2
{51,...,59} 0.032 0.03 0.026 0.02 0
0.2
{52,...,58} 0.024 0.02 0.013 0 0
0.2
{53,...,57} 0.016 0.01 0 0 0
0.2
{54,55,56} 0.008 0 0 0 0
0.2
{55} 0 0 0 0 0

From the table, we calculate P(about_55,0ld) = 0.199.
In the same way, we find P(about_60,0ld) = 0.799,
where P(about_20,0ld) = P(about25,0ld) = -+ =
P(about_50, 0ld) = 0, because there is no intersection be-
tween their members. Finally, we found,

P(X;,q) = P(age,old) = (0,0,0,0,0,0,0,0.199,0.799).
P(X;,q;) is defined as probability of attribute X; influ-
enced by given input data ¢;. X; and g¢; have different
type of data, therefore to find their probabilistic match-
ing, first, we must find P(X},¢;) and then apply max-
multiply (*) operation between P(X},q;) and wj; as fol-

lows. If X; has k attributes and X; has s attributes then,

P(Xi,q5) = P(Xj,q5)*wj; (19)
ay el o oay
ji 5t ji
az; Ay v agy
= (Pj1,--rPjs) * (20)
aly aly oo aly
= (max{pj1-ai}, - -,pjs -ali}, -, (21)
max{pj1 - ajy, -, pjs - a2, })
= (P(zi1,q5)s s P(®ik, q5))s (22)

where P(x;r, q;) = max{p;1 -a{i, s pys-alt}. P(.’E”, Q) ,which is
defined as probability of attribute x;,- influenced by given
set input data @), is V operation for all probabilities of
relation between z;. and all members of (). V operation
will be explained latter. If there are n members of Q,

{(q1,---qn)}, then,

P(xir, Q) = \/ P(xir, qj)-

1<j<n

(23)

P(X;,Q) is defined as probability of compound attribute
X; influenced by given set input data ). If there are n
members of (Q and k attributes of X;, then

P(X:,Q) = (P(zi1,Q),..., P(zix, Q)), (24)
P(X;,Q) = ( \/ P(xi1,q5),- .., \/ P(zik,q;)). (25)
1<j<n 1<j<n

4.1 Calculating minimum probability truth
of P(mira Q)

Now, we generate formula for calculating minimum prob-
ability of attribute x;. given @ = {q¢,...qn}, as input
data. Related to (22), we defined minimum probability
truth of P(z;, @) as follows.

min

Pmin(wihQ): \/ P(xiraqj)'

1<j<n

(26)

To simplify the problem, let’s say that system just has
three compound attributes, X1, X, and X3 and their re-
lation shown in Figure 2.2. We calculate minimum prob-
ability truth of z3, € X35 based on input @ = {q1, ¢2,¢3}.

P(x37'7Q)min = P($31'7ql)\/minp(xiirvq2)\/minp($3raq3)-

We separate formula above into two parts. The first,
we call direct predicted probability of w3, which is
P(x3r,q3) = P(gcgqug) = p3, and the second, we call in-
direct predicted probability truth of x3, which is predicted
from other attributes value, P(x3,,q1) Vinin P(T3r,q2).

The next, we compare both of them by applying max
function as follows.

P(l’gr, Q)vnin = maﬂ?{P(mmm) Vimin P(:t?nw Q2)7p37‘}- (27)

The problem now, is how to calculate P(x3,,q1) Vimin
P(23r,q2) = Omin-i-e. X1 has s attributes, Xo has t at-
tributes. Let’s say that,

13 13 13
P(x3,,q1) = max{pi1-agy, -, P1s - Qg } = Plu - Gyres
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23

P(z3,,q2) = max{pa1 - ai>, -+, pat - ap>} = poy - @

We solve this problem by imaging interrelationship
among Tiy, T2, and xs, as shown in Fig. 2.2, in the
following three conditions.

1. If |([L‘1u N $2U)| < |(l’1u N 1’3T)‘ and ‘(l‘lu n $2v)|
< (w2, N3], then (z1, N x2,) Will be put in x3,.

12 23
23 Ay @
L5 (a’vr - uavr “E ) D2o
12 23
Loy Qyr @
L1y h 2 u;32vr . max(phnp%)) or
v
a2l g8
vauSlur : maX(pluvPQ'U)

U

21 13
13 a
(au'r - U:glm) Piu

T3r
12 23 13
a;a a Cl
23 uv T Zvutur
5min = (avr - ) P2y +( ) Plu +
a12 23
uvYor
—5 - max(piu, pay). or
ayy
12 23 21 .13
Qa a; . a
23 uv T vuur
5min = (avr - ) P2v + ( 31 ) cPlu Tt
all
a21a{[13n
31 InaX(p1u7p27))-
ary

2. If [(z3r Nxoy)| < [(@10 Nsy)| and |(z3, N 22y)]
< |(z20 N @14)|, then (z3, N x2,) will be put in
(mlu n l‘gr).

T2y
s a;,

€T
lu 23

max(plua pQU)

(aiﬁ ’l)’l‘) P1u

Z3r

13

6min = (auf - CL ) Piu + CL maX(plu»va)-

3. If |(x10 Nw3r)| < (10 NT20)| and |(z14 N3,)| <
|(x2, N3], then (z1, N x3,) will be put in

(11721, N x3r)~
. (a 12;?; 13) *D2v
x1 T2y L
“ b Qy 3 - max(pru, P2v)
T3y
6min = (&123 - CL};:) “ P2y + a}ﬁ : maX(plu»va)-

From the above conditions, we generate a formula that
satisfy all conditions as follows.

23 12 CL23 23
(Smin = (aur - mln(% ors Qur ) p2v+
13 12 CL23
(aur _mln( uv32vr vr7 )) Piut
ary
12,23
min(%, az?,a,y) - max(pru, pav)- (28)
v

Finally, we find that P, (zar,

a3)}-

4.2 Calculating maximum probability truth
of P, Q)

Next, we generate formula for calculating maximum
probability of attribute ;- given @ = (q1, ...qn), as input
data. Related to (22), we defined maximum probability
truth of P(z;r, Q) as follows.

max

\/ P Izra‘]j

1<j<n

Q) = max{57ni7np(x3r |

Pmax :L‘l”‘7 Q (29)

To simplify the problem, let’s say that system just has
three compound attributes, X1, X, and X3 and their re-
lation shown in Figure 2.2. We calculate maximum prob-
ability truth of x3, € X3 based on input Q = {q¢1, g2, q3}-
P(I3r7 Q)maz = P($37'7‘11) Vmaz P(13r7 q2) Vmaz P(Il’ma q3)~

We separate formula above into two parts. The
first, we call direct predicted probability of xs, which is
P(:zcg,,q3) P(z3-|q3) = p3r and the second, we call in-
direct predicted probability truth of xs, which is predicted
from other attributes value,P(x3,,q1) Vinaz P(T3r,q2)-
The next, we compare both of them by applying min
function as follows.

P($3T7Q)maz = min{l, (P(:E?)T’ql)\/ma:v P(Z3r7Q2))+p3r)}' (30)
The problem now, is how to calculate P(z3,,q1) Vimax
P(x3r,q2) = Omaz-i.e. X7 has s attributes, Xo has t at-
tributes. Let’s say that,

137 13
asr} - plu'a‘ur
s P2t - atr} Pov-Q

by imaging 1nterrelat10nsh1p
as shown in Fig. 2.2, in the

P(x3,,q1) = max{p1 - a%fi, T, Pis

P(x3r, g2) = max{p2
We solve this problem
among Ty, T2, and Tz,

following four conditions.

23
RGN

1. If (@32 +al?2 <1) and (a2l +a2L < 1) and
(al? —I— a2? <1), then

vr —

23
Qoyp  P2v
T2y L1u
13
- . ans - pru
T3p
_ 23 13
(Smaw = Qyy * P2v + Ay * Plu-
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Liu
2 I (a2 +al2 > 1) and (@2 +al2 —1)- o m
(@ a2 1), Zéf) and ((a® a2 —1). Zé - (a2 — (a2 + ald — 1)) - pay
(ay; + a3} — 1)), then T3r | Tav
(ag? + agy — 1)
[ ZT1w ] max(P1oy, P2v)
(a22 — (a3 +al2 — 1) %) - oy »

T2y Z3r

(27 +aif —1)- 35

max(piu, P2v)

23
(a2~ (@ a2 - 1) ) i
23
(2 — (a2 + al2 —1)- %) - pavt
23
(a3 = (@2 +al2 — 1) 2) - pru+

ay:

5max =

23
(aﬁ% + azlﬁz - 1) : Zé% ) maX(PluaPQU)-

13
3. If (a3l + a2l > 1) and ((a3} + a2l —1)- >
(l23 a
(@32 at2— 1) ) and (a3 +a2L, — 1) - 25

> (al3 + a2 — 1)), then

vr

T2y

ol3
ur ) .
Ty T3, a3l ) Piu

7

31 21
(aru + Ay —

max(plua p2v)

1)@

13
(@2~ (a2 a2k~ 1)- ) o,

a13

U

13

_ 31 21
5771(11 - (aur (aru T Ay —

a13
(02— (@24 0%~ 1) 20
Tu
CL13

51 Wax(pru, P2v).
Tu

(a7 + ag, —1) -

4. If (a2 +al3>1) gnd (a2 +al2 —1)>
(a8} + a2~ 1) 258) and ((al + a2 — 1)
i ‘o3
> (a22 +ai2 — 1) 23), then

(ur — (a7, + a3y, — 1)-

- (aur - ((112):73. + a/711§“ - 1)) *Plu

23

5’"“11' = (avr (a?)i + azlﬁ“ - 1)) “ P2yt

(ayy = (ag) + ayy = 1)) prat

(a‘ii + a'tlt? - 1) : max(pluaPQU)-
From the above conditions, we generate a formula that

satisfy all condition as follows.

23

E B Qa E
Smaz = (a3 —max(0, (a¥} +alf —1)- 47 (af, +all,—1)-
TV

13

it (ai) gy = 1)) pav + (ay; —max(0, (o +ay; —1):
Tu

a

azl o5 21 Qyy o3 13
391 (ry, Tt Ay — 1) © 31 Wy + Ay — 1))) “Plut
TV Tu
0. (a32 1271.%25’- 31 21 _ ).
max( ) (a’rv + Ay ) a32’ (a’ru + Ay, )
Tv
gy 23 13
3L’ (avr + Aoy — 1)) : Inax(p1u7p2v)' (31)
ruw

Finally, we find that Ppeu(z3r, Q) = max{l,dmaes +
P(z3r | g3)}

5 Conclusions

This paper proposed a method based on conditional prob-
ability relation to approximately calculate interval prob-
ability of dependency of data for data querying. Theo-
retically the formulation is quite interesting. However,
it seems to be too complicated to calculate interaction
of three or more components. Practically the formulas
should be simplified, even though the accuracy of predic-
tion may be decreased.
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