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Abstract. The paper introduces and discusses a family of conjunctive
information aggregation operators within the framework of evidence the-
ory based on the use of copulas and ¢-norms. Such operators allow model-
ing the dependence of information sources and aggregating many sources.
It is shown that the introduced operators will satisfy to a certain extent
the general requirements (desirable properties) imposed on the rules of
combination in the theory of evidence. A new type of conjunctive aggre-
gation for jointly consonant bodies of evidence is explored in more detail.
The choice of one or another t-norm or copula in such a conjunctive rule
can be based on solving a multi-criteria choice problem with respect
to several aggregation quality functionals.
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1 Introduction

In evidence theory [3,22] information is represented in the form of so-called
bodies of evidence. Each body of evidence consists of a set of subsets of mem-
bership of the true alternative (the so-called focal elements) and degrees of belief
(mass functions) in such events. The masses of focal elements can be interpreted
as probabilities of random sets. In classical evidence theory [22], all operations
on bodies of evidence (e. g., aggregation or assessment of inconsistency) are
defined formally without taking into account the significance of the focal ele-
ments themselves, the degree of their inclusion or intersection, the dependence
of their masses, etc.

The most popular aggregation rules [21] (e. g., Dempster’s and Yager’s rules)
have a conjunctive form, in which the mass of a new body of evidence on a set
A is calculated as the sum of the products of the masses of focal elements whose
intersection is equal A. The “vanishing mass effect” is observed for such rules. If
the number of aggregated sources of information (bodies of evidence) is large,
then the masses of the focal elements of the new body can be small even in the
case of intersection of focal elements with large masses, which is counterintuitive.
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Moreover, the form of the popular Dempster and Yager rules as sums of prod-
ucts of the masses of the aggregated bodies of evidence assumes the independence
of the sources of information. If the sources of information are not independent,
then this dependence can be modeled using the “tuning” of the mass function
aggregation operator [12]. Copulas [19], t-norms and conorms [15] are popular
aggregation operators.

Thus, in a recent work [20], simple bodies of evidence about a pattern’s
membership in a particular class were conjunctively aggregated to construct
a new evidence-based classifier, that takes into account various dependencies
between such sources. This dependence was modeled using Frank’s parametric
copula [11], whose parameter was the correlation coefficient (such a correlation
model was discussed in [10]). This method of modeling dependence can be called
a priori.

Aggregation of dependent Gaussian Random Fuzzy Numbers in the evidence
theory framework was considered in a recent paper [5].

In this paper, we introduce and discuss a family of operators for aggregating
bodies of evidence of a conjunctive type (i. e., new focal elements are constructed
at the intersection of focal elements of the aggregated bodies of evidence), but
based on the application of copulas and ¢-norms to the masses of the aggre-
gated bodies of evidence (in the case of t-norms, such rules will be called T-
conjunctive). It is shown that such operators will satisfy to a certain extent the
general requirements (desirable properties) imposed on aggregation operators.
The axiomatic approach to constructing aggregation rules is widely represented
in evidence theory [13,16]. In this paper, the noted desirable properties are ana-
lyzed for T-conjunctive aggregation rules. In addition, T-conjunctive aggregation
of jointly consonant bodies of evidence is explored in more detail. The paper uses
the a posteriori approach as a way of modeling the dependence between informa-
tion sources. The qualitative characteristics of the bodies of evidence obtained
as a result of aggregation are analyzed in this case. It is shown in a numerical
example that the specification of a particular -norm or copula in a T-conjunctive
rule can be implemented as a solution to a multi-criteria choice problem with
respect to several aggregation quality functionals.

The rest of the article has the following structure. Section 2 provides the nec-
essary background on evidence theory, t-norms and copulas. Section 3 discusses
desirable properties of conjunctive aggregation rules and modeling of dependen-
cies between bodies of evidence. Section 4 discusses in detail the T-conjunctive
aggregation of jointly consonant bodies of evidence. Section 5 provides a numer-
ical example and Sect. 6 draws some conclusions.

2 Necessary Background of Evidence Theory
2.1 The Concept of a Body of Evidence

Let us recall some provisions of the theory of evidence. We will adhere to the
interpretation of this theory using random sets [4]. Let X be some set, 2% be the
set of all subsets from X, A be some finite set of subsets from X (the set of focal
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elements). The set A can be considered as a set of values of random sets w. Then

the function of sets m(A) = {OP{w =4}, ‘;11 ; j’ defined on 2% is called the

basic probability assignment (bpa) or the mass function, }_ ., m(A4) = 1. A
pair F' = (A, m) is called a body of evidence on the set X. If m(f}) = 0, then the
body of evidence is called normal. Let F(X) be the set of all bodies of evidence
on X. The belief functions Bel and the plausibility functions Pl can be mutually
one-to-one assigned to the body of evidence F' = (A, m) using the formulas

Bel(A) = P{w C A} = Y _m(B), Pl(A)=P{wnA#0}= Y  m(B),

BCA BNA£D

A € 2%, In particular, the function Pl(z) = 5. .5 m(B) is called contour.
The following belief structures are distinguished among the bodies of evi-
dence:

— a categorical body of evidence of the type Fy = ({A},1), A € A, consisting
of only one focal element with unit mass; in particular, a categorical body of
evidence Fx = ({X1},1) is called vacuous;

— consonant body of evidence, if A C B or B C A for any A, B € A.

The contour function of a consonant body of evidence (and only for them)
coincides with the possibility distribution function, which can be viewed as
a membership function of a fuzzy set.

Below in the numerical example we will consider the bodies of evidence on
X CR. In this case we will we will use the evidential cardinality [8]

H(F) =Y m(A)AA)

AcA

or the normalized evidential cardinality Ho(F) = H(F)/A(X) € [0,1] (if X is a
set with finite measure) to estimate the degree of uncertainty of the information
given by the body of evidence F' = (A, m) on X C R, where A\(A) is the mea-
sure of the set A on R. Note that the evidential cardinality coincides with the
cardinality of the corresponding fuzzy set for consonant bodies of evidence:

> m(AN(A) = /Pl(x) dz.

AcA R

In addition, if u; is a membership function of a fuzzy set A, then we will
estimate its fuzziness using the formula

Fuz(A)=1- ﬁ/@ulg(x) —1]dz € [0,1].
R

The convex sum of the bodies of evidence Fy = (Ay,mq), Fy = (A2, ms) €
F(X) with the coefficients «, 3 € [0,1], @+ 8 = 1 is called the body of evidence
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F = (A,m), where , m(A) = amq(4) + fma(A4), A € A. Then any body of
evidence F' = (A, m) can be represented in the form

F=> m(A)Fa.

AcA

In particular, the body of evidence of the type
F§=aFs+ (1 —«a)Fx, a€|0,1]

is called simple.

Different types of inclusion relations are considered on the set F(X) [7].
Let F; = (A;,m;) € F(X), Bel;, Pl; be the belief and plausibility functions
corresponding to F;, ¢ = 1, 2. We will distinguish the following inclusion relations:

a) the F is weakly included in the F5 (designation: F1 T, F») if Pl (A) < Pla(A)
(@} Bell(A) > Belg(A)) VA e 2X;

b) the F} is strongly included in the F, (designation: FyC¢F5) if there is a non-
negative matrix W = (w(A, B)) acA,,BeAy:

> w(A,B)=my(B)VB € Ay, > w(A B)=mi(A)VAE A
AeA, BeA,

and w(4,B) > 0= A C B;

¢) the F is included in the Fy with equal power (designation: FyC . Fy) if VA €
Ay I Bec Ay AC BandVB € Ay 1A € A: A C B, ml(A) = mQ(B) in
these cases.

It is clear that FC Fx VF € F(X). If F1C F,, then the body of evidence
Fy is called a specialization of the body of evidence F5, and F5 is called a
generalization of Fy. It is know [7] that FiC . Fy = FICFy = FiC,Fy, but
the converse is not true. But for consonant bodies of evidence, strong and weak
inclusions coincide.

2.2 Rules for Aggregating Bodies of Evidence

The toolkit for combining (aggregating) bodies of evidence is widely repre-
sented in evidence theory [21]. The generalized conjunctive rule of combining
®: F(X)x F(X) — F(X) is the most popular of them. It is introduced accord-
ing to the following scheme [1]: ' = (A,m) = Fi ® F; and Fi = (A, my),
Fy = (Az,mg) € F(X), where

m(A)= > m(B,C),

BNC=A

and the sets function 1 : 2% x 2% — [0, 1] satisfies the conditions:

> m(B,C)=m(B), Y m(B,C)=my(C), B,Ce?2*,

ce2X Be2X
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If the sources of information are independent, then m (B, C) = m1(B)ms(C),
VB,C € 2% and we get the non-normalized Dempster rule @y p:

myp(A)= Y mi(B)my(C), VA € 2%,
BNC=A

The value
mND(@) = Z ml(B)mg(C) S [07 1]

BNC=0

characterizes the degree of conflict between the sources of information described
by the bodies of evidence F} and F5. If the sources of information are not abso-
lutely conflicting (i. e. myp (@) < 1), then the bpa of the aggregated body of
evidence can be normalized

mp(A) = _mxp(4)

X _
= Ty YA S PN mo(®) =0

As a result, we obtain the classical Dempster rule ®p [3].

3 Conjunctive Rules for Combining Dependent Bodies
of Evidence

3.1 Desirable Properties of Conjunctive Combination Rules

The following properties are usually required of conjunctive combination rules
®: F(X)x F(X) — F(X) [2,9]:

Al. F Fx = FVF € F(X) (i. e. Fx is a neutral element);

A2. i @ Fr = F, @ Fy VF1, F» € F(X) (commutativity);

A3. I ® (FQ ® Fg) = (Fl ® FQ) ® F3 VI, F5, F5 € f(X) (associativity);

A4. F® F = F (idempotency);

A5. If Fy, F5 € F(X) are strongly consistent (i.e. AjNAy #OVA; € A;,i=1,2)
and F; C F!, i =1,2, then I} ® F, C F] ® F} (information monotonicity),
where C is some type of inclusion;

AG. IfEFy = F§' Fy = F2 F = F € F(X),0< a1 < a < 1, then mpm g p(AN
B) < mF2®F(A N B) V@ e [07 1]

Note that property Al always holds for the generalized conjunctive com-
bination rule, since in this case we have m(B,C) = g;(B), g i §’ vB
= mpary(4) = ¥ pne_a m(B,C) = m(A,X) = m(4) VA.

The optimism property for conjunctive rules follows from properties A1l and
Ab: if Fy, Fy € F(X) are strongly jointly consistent, then Fy @ FoC F;, i =1,2
(since, for example, F} @ F»C,F1 ® Fx = Fy), where g € {s, w}. Note also that
strongly jointly consistent bodies of evidence are absolutely non-conflicting (i. e.
myp(0) = 0) and this property is preserved when moving to their generaliza-
tions.
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Remark 1. Properties A1-A4 are algebraic and define a commutative idempo-
tent monoid.

All the above properties, except idempotency, are satisfied with the Demp-
ster’s rule (but the optimism property is also satisfied). In general, the property
of idempotency is the most critical of the indicated properties. It does not hold
for many popular combination rules. A discussion of the idempotency condition
and the construction of idempotent rules can be found in [6,14]. In addition to
those indicated, other desirable (usually non-algebraic) ones are introduced [2,9].

3.2 Modeling Dependency in a Conjunctive Rule

We consider conjunctive rules for combining bodies of evidence F; = (A1, my)
and Fy = (As,ms) defined on X of the form F = FioqF, = (A ,m(),
where A = Al ﬂAg = {Al ﬂAQ ;é (Z) : Al (S Al,AQ c AQ} and

mD(A)=Ce > G(mi(B),ms(C)), A€ A, (1)
BNC=A

G : [0,1]> — [0,1] is some aggregation operator [12|, C5' = C5'(F1, Fy) =
> Bnozg G (m1(B),ma2(C)) is a normalization coefficient. The operator
G (m1(B), m2(C)) defines some dependence between random events w; = B
and we = C, my(B) = P{w, = B}, m2(C) = P{wy = C}. In particular, if
random events w; = B and wy = C' are independent, then G (m1(B), ma(C)) =
m1(B)mz(C) and we obtain the classical conjunctive rule. Rules of the form (1)
will be called G-conjunctive.

Operator (1) will not be defined if: 1) the sources of information are abso-
lutely conflicting, i. e. BN C = 0 VB € Ay, C € Ay 2) C5' = 0, i. e,
G (m1(B),ma(C)) =0VB € Ay, C € Ay (for example, for Fy = F{°, F = F{?
€ F(X) and G = max{zx +y — 1,0}).

The most general model of dependence between random events is the copula

C: o, [0, 1], which satisfies the conditions:

12 —

C(z,y) + C(u,v) > C(z,v) + C(u,y) Vo, y,u,v € [0,1], x < u, y < v;
CQ C(z,0) = C(0,z) =0 Vz € [0,1];
C3. C(z,1)=C(l,z) =z Vz € [0,1].

It is known that any copula is limited by functions (Fréchet — Hoeffding limits):
max{z +y — 1,0} < C(z,y) < min{z,y}.

The concept of a copula is closely related to the concept of a t-norm T :
[0,1]% — [0, 1] that satisfies the conditions:

T1. T(z,y)=T(y,x) Yo,y €[0,1];

T2. T(x,T(y,2)) =T(T(z,y),2) Va,y,z € [0,1];
T3. T(x, )<T(3: z) Vo,y,z € [0,1] if y < z;
T4. T(x,1) =z Vx € [0,1].
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It is known [15] that any associative copula is a continuous ¢-norm, and a -
norm is a copula if and only if it satisfies the Lipschitz condition with constant
equal to 1.

Note that a T-conjunctive operator ®p with an arbitrary t-norm T will
certainly satisfy conditions Al, A2. Condition A3 (associativity) will not be
satisfied in the general case, but the property of quasi-associativity [23] will
be satisfied, i. e. the operator can be represented as a sequential execution of
associative operations. Property A4 (idempotency) will only hold in special cases,
such as when T'(x,y) = min(z,y) and ANB = (} VA, B € A (strongly inconsistent
bodies of evidence). Property A5 will obviously be fulfilled for the relation ..
Property A6 will hold, for example, for the product Tp(z,y) = zy and minimum
Tr(z,y) = min{x,y} t-norms. But it will not hold for the Lukasiewicz t-norm
Tr(z,y) = max{z +y — 1,0}.

The concept of t-norm is generalized by induction to the [-ary operation

TO(zy, ... x) =TT (@, .. 20), 1),
T (xy,29) = T(x1,22), | = 3,4,... due to associativity. For example,

Tél)(:vl,...,xl) =max{z1 + ...+ 2, — (I —1),0}.

Example 1. Suppose two analysts give a forecast of the stock price at the end of
the period. The first states that the stock price will be in the range of [40, 55] with
a confidence level of 0.3 or in the range of [40,55] with a confidence level of 0.7.
The second gives a forecast: the price per share will be in the range of [45, 50] with
a confidence level of 0.4 or in the range of [35,55] with a confidence level of 0.6.
These predictions can be written using two bodies of evidence Fy; = (Aj,mq)
and Fy = (Ag, ma)

Fl - 0.3F[40750] + 0.7F[40155], FQ == 0.4F[45150] + 0.6F[35755],

defined on the X = [35,55]. These bodies of evidence are consonant and abso-
lutely non-conflicting, i. e. BNC # 0 VB € Ay, VC € As.

We apply the T-conjunctive operator for T = T (in this case, we get Demp-
ster’s rule), T =Ty and T = T}, . As a result, we obtain new bodies of evidence
FB) A and FL) respectively:

F®) = 0.4F 45 50 + 0.18 Fla0,50 + 0.42F}40 55)

FO) = % %Fmﬁo] + %Fuom, F®) = 0.25F5 50, + 0.75F 40 55)-
We see that these aggregations even have different numbers of focal elements.
But they will all be consonant. Therefore, for them, the contour function will be
the membership function of the fuzzy set of the prognostic value of shares. Let us
find the values of the uncertainty measure Hy and the degree of fuzziness Fuz.
The results are given in Table 1. We see that the least fuzziness is obtained when
aggregating using the Lukasiewicz t-norm, and the least uncertainty is obtained

when aggregating using the ¢-norm 7Tj; = min.

Fys,50) +
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Table 1. The values of the uncertainty Hy and the fuzziness Fuz.

body of evidence|Hy |Fuz
F®) 0.505/0.66
FOD 0.484/0.656
F® 0.625(0.5

4 T-Conjunctive Aggregation of Jointly Consonant
Simple Bodies of Evidence

In a number of applications, it is necessary to aggregate several jointly consonant
simple bodies of evidence. For example, such a need arises in the problem of
evidential regression (dependence recovery) [17,18].

Below in Sect. 5 we will consider a corresponding numerical example. There-
fore, let us examine this situation in more detail.

We call simple bodies of evidence FX:, k=1,...,1 jointly consonant if there
exists a permutation of indices such that A4;, C ... C 4;, C X. Note that for a

consonant body of evidence with focal elements ) = A4;; C A4;, C ... C A;, C

A, = X, the contour function will be equal to
I+1
Pl(m):Zm(Aik)V:EEAis\Aisfl, s=1,...,0+1. (2)
k=s

The following proposition and its corollaries show how the mass function
and the contour function will be found in the general case of T-conjunctive
aggregation of [ sources and in the special cases of the most popular t-norms.

l
Proposition 1. The body of evidence FT) = (A, mg) = & Fi* obtained as
k=1
a result of the T-conjunctive aggregation of jointly consonant simple bodies of
evidence FX}’:, k=1,...,1 will be consonant, A= {As,...,A;, X}. Moreover, if
0=A4, CA;, C...CA; CA;, , =X, then (assuming a;, = 0) we have for
k=1,...,1—1

mT(AZk):CT Z T(l_aiou"‘ul_aik,lvaikvﬁik+17‘"7ﬁ’il)7
(Biggqr-:Biy):

Bis=0aigV1—aug

(3)
mr (A”) = CTT (1 —Ozil,...,l — ailfl,ail) y

mT(X):C’TT(l—ozil,...,l—ail),

where

C,ljl:T(l—ail,...,l—Oéil)+T(1—Olil,...,l—Oéilil,Oéil)+
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-1
+Z Z T(l_aiov-'-al_O‘ik717aik7ﬂik+1a'-'7/31'1)-

k=1 (Bifyq-B):
Bis=0aig V11—

Corollary 1. We have for Tp(x1,...,x;) =21 ...1
mp(Alk) = (1 —Ozio,)... (1 —aik_l)aik, k=1,...,1+1, (aiz+1 = 1)

In addition, we have Plp(z) = (1 — ayy,) ... (1 _aik—l) for x € A \Ai,_,,
k=1,...,1+1.

Corollary 2. If 0 = o, < oy < ... <oy < g, = 1, oy, + o, > 1,

k=2,...,1 is true, then we have for Tp(21,...,2;) = min{xy,..., 2}
1-2
mpr (A“) = CM <Oéi1 +Z2S (1 —ais+2)> , Mpzr (X) = CM (1 —Oéil),
s=0

-k
my (Alk) =Cuy ((1 _aik,l) +228 (1 _aik+s+l)> s k=2,...,1,
s=0
l I 1—k

l
where C]\_/Il =1+ E (1 - O/’ik) + E E 2° (1 - O‘ik+s+1) =2 -1- Z 2k_10‘ik'
k=2 k=1s=0 k=2

In addition, we have

Cwm (1_()51’1)7 LL’EX\AZ'L,
l—k
PZM(x) =40 Cu <2l_k+l = Oy T EOZSaik+s> » T € Aik\Aik—l’ k=2,...,1
1, S Ail-

Corollary 3. Ifa; > 1 -2, i =1,...,1, p € {1,...,1 = 1} is true, then we
have for Tr(x1,...,2;) = max{zy + ...+ 2 — 1+ 1,0}: mp (X) = mp (4;,)

0Vk = p+2,...,1. In particular, if p = 1, then mp (X) = mp (4;,) 0

l
Vk = 3,...,1, m (A;,) = CL <|a|—|— > max{|a(5)’ —l—|—1,0}), mp, (Ai,) =
s=2

! !
Crmax {|aM| =1+ 1,0}, where |a| = 3 aj,, [a®] =1—a;, + > ay,
k=1 k=1 ks

l
s=1,...,1, C’L_l =lal+ > max{|a(s)| -1+ 1,0}. In this case we have
s=1

0, 93§é Ai27
Plp(z) =4 Cp, max{|oz(1)| —1+1,0},z € 4;,\4;,,
x € Ai1~

)
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5 Numerical Example

Let us give an example of a T-conjunctive aggregation of [ = 5 jointly consonant
simple bodies of evidence FXI’:, k=1,...,5, given on a number line. A similar
problem is relevant, for example, when finding bodies of evidence for dependence
coefficients using evidential regression methods [17,18].

Let X = [-3,3], Ay = [-0.5k,0.5k], ap = 0.1 4+ 0.2k, k = 1,...,5, F(T) =

5
Q7 Fj: The graphs of contour functions Pl for the t-norms T =Tp, T =Ty
k=1

and the Schweizer — Sklar ¢-norm

1
s

Ty s(x1,...,2) = (max{z{ + ...+ 2] =1+ 1,0})%, s#0

for s = —0.5 calculated using formulas (2) and (3), are shown in Fig. 1.
It is known [15] that, lim T, = Ty, 1in(1) Trs = Tp. Note that for the
§——00 s—

t-norm 77, s for s > 0.7 aggregation is not defined, since Cr, , = 0.

Fig. 1. Contour functions of T-conjunctive aggregation for T'=Tp, T =T, TrL,—0.5.

It is easy to see that we will obtain bodies of evidence with varying degrees of
uncertainty depending on the choice of the aggregation function 7: H(F()) =
2.95, H(FM)) =231, H(F(-=05)) =25,

The selection of a specific t-norm from a certain class can be carried out
as a solution to a multi-criteria problem of analyzing the qualitative charac-
teristics of the aggregation operator. For example, these could be the char-
acteristics of uncertainty Hy and fuzziness Fuz in our example. The points
(Fuz(FM), Hy(F™)) for t-norms T = Tp, Ty, Trs and s = —1, —0.5, 0.1,
0.3, 0.5 are shown in Fig.2. It can be seen that T),-aggregation is the best in
this example with respect to the uncertainty functional. 77 o 5-aggregation will
be the best with respect to the fuzziness functional.

The best solution to a two-criterion problem on the Pareto frontier will
depend on the chosen solution method. For example, the best choice for a linear
convolution of criteria Cong(FT)) = Fuz(F™)) + 0Hy(F™)), § > 0 would be

the solution
Ty, 6 <1.306,

. (T)y _
argj{nln OOTL@(F ) - {TL,O.5> 6 > 1.306.
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[J T T T
72,().5 °
72.0.3
0.5 T 0.1 o7, .
HO
72,50.5
[ ]
041 7}4;] P
T
1 1 =
0.15 0.2 0.25 0.3 0.35

Fig. 2. Solution points (Fuz(F(T))7 HO(F(T))) for different ¢-norms.

6 Conclusion

A rule for conjunctive aggregation of bodies of evidence, based on the applica-
tion of aggregation functions to masses of bodies of evidence, is introduced in
this paper. This design can model the dependency between information sources.
In addition, it can be useful for aggregating many bodies of evidence. It is
shown that the proposed operator will satisfy several desirable properties. A
new method for aggregating jointly consonant bodies of evidence is discussed in
detail in the case where t-norms are used. The example shows that the choice of
the mass aggregating operator in such a conjunctive rule can be based on solving
the problem of multi-criteria choice with respect to several aggregation quality
functionals.

Acknowledgments. This article is an output of a research project implemented as
part of the Basic Research Program at HSE University.

References

1. Cattaneo, M.: Combining belief functions issued from dependent sources. In: Pro-
ceedings of 3"¢ International Symposium on Imprecise Prob. and their Appl.
(ISIPTA’03), pp. 133-147. Carleton Scientific, Lugano, Switzerland (2003)

2. Cattaneo, M.: Belief functions combination without the assumption of indepen-
dence of the information sources. Int. J. Approx. Reason. 52(3), 299-315 (2011)

3. Dempster, A.P.: Upper and lower probabilities induced by multivalued mapping.
Ann. Math. Statist. 38, 325-339 (1967)

4. Denceux, T.: Belief functions induced by random fuzzy sets: a general framework for
representing uncertain and fuzzy evidence. Fuzzy Sets & Syst. 424, 63-91 (2021)

5. Denceux, T.: Combination of dependent Gaussian random fuzzy numbers. In: Bi,
Y., Jousselme, AL., Denceux, T. (eds.) BELIEF 2024. LNCS, vol. 14909, pp. 264—
272. Springer, Cham (2024) https://doi.org/10.1007/978-3-031-67977-3 28

6. Destercke, S., Dubois, D.: Idempotent conjunctive combination of belief functions:
extending the minimum rule of possibility theory. Inf. Sci. 181(18), 3925-3945
(2011)



484

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.
20.

21.

22.

23.

A. Lepskiy

Dubois, D., Prade, H.: A set-theoretic view of belief functions: logical operations
and approximations by fuzzy sets. Int. J. Gen. Syst. 12(3), 193-226 (1986)
Dubois, D., Prade, H.: Consonant approximations of belief functions. Int. J.
Approx. Reason. 4(56), 419-449 (1990)

Dubois, D., Liu, W., Ma, J., Prade, H.: The basic principles of uncertain infor-
mation fusion. An organised review of merging rules in different representation
frameworks. Inf. Fusion 32, 12-39 (2016)

Ferson, S., et al.: Dependence in probabilistic modeling, Dempster—Shafer theory,
and probability bounds analysis. Technical report. SAND2004-3072, Sandia Nat.
Lab., Albuquerque, New Mexico (2004)

Frank, M.J.: On the simultaneous associativity of F(x, y) and x + y - F(x, y).
Aequationes Math. 19, 194-226 (1979)

Grabisch, M., Marichal, J.-L., Mesiar, R., Pap, E.: Aggregation functions. Cam-
bridge University Press, Cambridge (2009)

Jiao, L., Pan, Q., Liang, Y., Feng, X., Yang, F.: Combining sources of evidence
with reliability and importance for decision making. Central Eur. J. Oper. Res.
24(1), 87-106 (2016)

Klein, J., Destercke, S., Colot, O.: Idempotent conjunctive combination of belief
functions by distance minimization. In: Vejnarova, J., Kratochvil, V. (eds.)
BELIEF 2016. LNCS (LNAI), vol. 9861, pp. 156-163. Springer, Cham (2016).
https://doi.org/10.1007/978-3-319-45559-4 16

Klement, E.P., Mesiar, R., Pap, E.: Triangular norms. Kluwer Academic Publishers,
Dordrecht (2000)

Lepskiy, A.: General schemes of combining rules and the quality characteristics
of combining. In: Cuzzolin, F. (ed.) BELIEF 2014. LNCS (LNAI), vol. 8764, pp.
29-38. Springer, Cham (2014). https://doi.org/10.1007/978-3-319-11191-9 4
Lepskiy, A.: Regression with evidential coefficients. In: C. Kahraman et al. (eds.):
INFUS 2025, LNNS, vol. 1531, pp. 211-218. Springer, Cham (2025) https://doi.
org/10.1007/978-3-031-98304-7 24

Lepskiy, A.: Evidential estimation of dependences based on data. Procedia Comput.
Sci. 266, 770-777 (2025). https://doi.org/10.1016 /j.procs.2025.08.097

Nelsen, R.B.: An Introduction to Copulas. Springer, New York (1999)

Pichon, F., Diéne, S., Denceux, T., Ramel, S., Mercier, D.: -ERBFN: an exten-
sion of the evidential RBFN accounting for the dependence between positive and
negative evidence. In: Destercke, S., Martinez, M.V., Sanfilippo, G. (eds.) Scalable
Uncertainty Management. SUM 2024. LNCS, vol. 15350, pp. 156-163. Springer,
Cham (2025) https://doi.org/10.1007/978-3-031-76235-2 26

Sentz, K., Ferson, S.: Combination of evidence in Dempster—Shafer theory. In:
Report SAND 2002-0835, Sandia National Laboratories (2002)

Shafer, G.: A Mathematical Theory of Evidence. Princeton University Press,
Princeton (1976)

Yager, R.R.: Quasi-associative operations in the combination of evidence. Kyber-
netes 16, 37-41 (1987)



