07-09 1II kop.

Jokimamu Ha Bbarapckara akazeMus Ha HAYKUTE

Comptes rendus de I’Académie bulgare des Sciences

Tome 77, No 7, 2024

ENGINEERING SCIENCES

Automatics and informatics

FEATURES OF NETWORK FLOW SYSTEMS FOR
DECISION MAKING WITH MOTIVATION ACCOUNTING

Lyubka Doukovska™, Vassil Sgurev, Ekaterina Tsopanova

Received on April 26, 2024
Accepted on June 25, 2024

Abstract

The present work investigates the problem of considering the influence of
motivation in discrete network flow decision-making systems. Motivation is the
primary factor that drives people to achieve their goals and plays a key role
in decision-making systems. A method is proposed by which this influence is
accounted for using the arc flow function amplification or attenuation coeffi-
cients. These operations are in the class of generalized network flows (flows
with gains and losses). Methods to determine both the maximal and minimal
value of the generalized network flow with consideration of the motivation are
proposed A numerical example of a decision-making system based on a gen-
eralized network flow with motivation accounting is described, which confirms
the obtained theoretical results.

Key words: network flow systems, intelligent systems, decision-making
systems, motivation

Introduction. Motivation is an important process in psychology that can
significantly influence decisions in various human-machine discrete control sys-
tems. Motivation leads either to an increase in efficiency if the performers — an
individual or a team — are well motivated, or to a deterioration of this efficiency
— in the opposite case. The influence of motivation can be estimated fairly accu-
rately through mathematical models that describe decision-making systems. Such
are the systems for transporting (transferring) resources along individual sections
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of a network (graph) [1-3] — from one point to another. Various applications of
the graph theory are known [4,5,8,9].

In the present paper, it is proposed to quantify the role of motivation in
decision-making systems. Furthermore, it is proposed to implement this manage-
ment to use a generalized network flow, often called a flow with gains and losses
[1,2] when considering the motivation in it. In this generalized flow, the coeffi-
cients {gi; / (i,7) € J} for strengthening or weakening of arc flow functions play
an essential role.

Network flows or flows on graphs, including generalized network flows, are
relatively well studied and described in many sources, including [2,3]. In what
follows, notation and terminology will be used from these sources.

The subject of human motivation occupies an increasingly significant place
in the modern complex and changing social and economic environment [11, 12,
17]. Motivation is a complex set of mental processes determining the strength
and direction of human behaviour [18-20]. A detailed analysis of the motivation
process mechanism is presented in [13,14]. Motivation as an essential factor in the
daily need to make different kinds of decisions can be combined into a decision-
making or decision-support system with motivation accounting [15,16].

The analysis of the results shows that the network flow control system based
on graph is the most appropriate way of embedding motivation [6,7,10]. The
numerical example in Fig. 1 also describes how this can be done. In the column
from Fig. 1 the number of points is 5,

(1) X = {1‘1,$2,$3,x4,$5}; I= {1727374a 5}7

where X is the set of all grid points; I is the set of indices of all vertices — X.

Then X ={i /i € I}.

In Fig. 1 the flow function f;; is marked on the arc x;; in brackets — the arc
throughput (Cj;), and in a circle — the arc estimate a;;.

The following notations will be introduced:

U is the set of all arcs {z;,z;} = z;; of the network; J is the set of the indices
of all arcs of the network.

Then:

(2) Vi=Awzy [ (i,5) € J};

(3) J=A{(0,4) [ wij € X}
The following arc functions will be used:

(4) 0< fij foreach (i,j) € J;

(5) fij < Cij for each (Z,j) e J;
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Fig. 1. Network flow control systems based on graph

(6) 0<gy foreach (i,j5)¢€ J,

where f;; is the arc flow function for the arc z;; € V; Cj; is the arc throughput,
which defines the upper bound of the arc flow function f;;; g;; is the amplification
or attenuation coefficient of the arc flow function f;;.

In the generalized network model, motivation accounting can be done through
the gain or loss coeflicients of the arc flow functions g;; > 0; (¢, j) € J. Conven-
tionally, these coefficients will be called motivation coefficients.

In that:

a) If 0 < g;; < 1, the motivation decreases the value of the flow function,
which already acquires the value:

(7) giifis < figy 0<gi5 <15

b) If g;; has the value:

(8) 9ijfij > fijs  9i5 > 1,
then motivation enhances the effect of transferring a resource from point z; to
point x;;

c) If gi;; = 1, the motivation does not affect the transfer of resources, i.e.:
(9) gijfij = fijs  9ij = 1.

What value the coefficient g;; will take depends on how the external and in-
ternal motivations of the decision-maker for the section (arc) x;; will be evaluated
by experts. If his motivation is significant, the amount of resource moved along
this section will be greater and therefore g;; > 1.

If the person interested in speeding up the process (for example, a system
owner) takes the appropriate measures and increases the motivation in individual
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sections, the total amount of transferred (moved/transported) resources will also
be greater.

And the determination of what amounts of resources will be distributed
along the individual sections (arcs) of the network is the subject of a correspond-
ing optimization problem. To define it, it is necessary to determine the prices
{ai; / (i,7) € J} to transport a unit of resource along the section (arc) ;;.

These prices — also called arc prices, always have a non-negative value:

(10) 0 <aj; foreach (i,5)¢€J.

Generalized network flow can be broadly defined by the following dependen-
cies:
foreach i€l and (i,j) € J:

vy, if x; =9,

(11) S fii— Y giidii= 0, if z #S,T;
jer? jery ! —v, if x; =T,

(12) fij < Cij foreach (i, j) € J;

(13) 0< fi; foreach (i,5) € J.

On the generalized network flow with motivations defined in this way, at
least two optimization problems can be formulated — A and B with different goal
functions:

Problem A: Maximal generalized network flow with motivations and the
following goal function:

(14) L =90 =vp,x — max

where vg is the amount of initial resource at the vertex S = x; of the network.
Problem B: Maximal generalized network flow with motivations and with
the minimal or maximal value of the following goal function:

(15) L= Z a;jfij — min (max),
(i,5)ed

where vg is the amount of initial resource v = vy« and was obtained when solving
problem A.

In the considered example, the coefficients {g;; / (i,7)} have the following
values:

(16) g12=12; ¢gi3=14; ¢g25=08; g34a=16; g35=11; ga5=0.5.

C. R. Acad. Bulg. Sci., 77, No 7, 2024 1025



Arc throughputs are equal to:
(17) Cia=05; Cig=6; Co5=48 C34=4; C35=06; Cs5=38.

The given data makes it possible to solve each of the described optimiza-
tion problems A and B for a generalized network flow with consideration of the
motivations.

Optimization problem A. In this maximal generalized network flow prob-
lem with motivations, the goal function is defined by (14) and the constraints (11)
have the following form:

(18) ai: fi2+ fi3=10;

az: fa5—1,2f12=0;
az: fza+ f35—1,4f13 =0;
ag : fa5—1,6f34 =0;

(19) as: —0,8f25 —1,1f35—0,5f45 +v =0.
The constraints from (12) and (13) are described by the dependencies:

ag : fi2 <5;
ar : fi13 <6;
ag : fo5 <4.8;
ag : f3a <4
aio : fi35 <6;
ann : fas <8
a2 fi2 >5;
a3 f132>0;
as : fa5>0;
a5 f342>0;
ae : f352>0;
air : fa52>0.

In the considered numerical example, the constraints consist of a total of 17
equalities and inequalities.

Solving the above maxflow optimization problem using the standard linear
programming package LPSolvelDE shows that the maximal possible flow of re-
sources from the source x; to the consumer z5 is equal to v = 11.36. This means
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that through the use of the {g;; / (¢,j) € J} motivation, the resource transported
from the source to the consumer will increase by 11.36%.

The coefficients {g;; / (4,j) € J} of the arcs entering the vertices {x2, x3, 24},
thanks to the motivation take an additional resource from these three vertices to
increase the final transported resource from vy = 10 to v = 11.36%.

This clearly shows how motivation can influence decision-making and the
increase (or decrease) of the transport resource.

In the next optimization problem B under consideration, the arc estimates
(10) have the following values:

(200  a12=3; ai3=4; ax5=3; a3a=6; az5=3; as=17.

Optimization problem B. In this problem, the maximal generalized net-
work flow of motivations whose goal function L is defined in (15) is determined.
This is the so-called main cost-maxflow problem. The first step in it is solving
the optimization problem A to determine the maximal generalized network flow
with motivations, in which it is assumed that vy = 10. After solving this problem
is obtained v = vpax = 11.36%.

After the determination of v = vyax, We proceed to the second step where
the equation as takes the form:

(21) ay = —0.8f275 - 1.1f375 — 0.5f475 = —11.36
and the goal function L is equal to:
(22) L=3fi2+4f13+3fo5+6f34+3f35+ 7fs5 — min.

A new optimization problem is solved with the constraints from a; to a7
where a5 from (21) is used instead of as, and the goal function L is equal to (22).
The LPSolvelDE linear programming package used leads to the following arc flow
functions:

(23)  fie=4 fiz=6; fos =48 f34=24; f35=06; fi5=384

This is the optimal distribution of the transported resource in a network
along the individual sections (arcs) of the network and taking into account the
influence of motivation, it has the same general effect of increasing the quantities
and decreasing the total cost of transporting resources. And in the optimization
problem B — as well as in problem A, an increase in the transported resource by
11.36% is obtained.

The total value of the transported maximal possible resource with a minimal
value is:

(24) L= ) aifij=3-4+4-6+3-48+6-2.443-6+7-3.84 = 109.68 units.
(i j)eJ
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The maximal possible flow (resource) from the point 1 in quantity 10 cannot
be transported, taking into account the motivations, to a point x5 for a value less
than 109.68 units. At the same time, the amount of transported resource is
U = Umax = 11.36.

From the obtained solutions it follows that the arcs {x; 3, 25} are saturated,
ie.

(25) f13=C13=6 and fo5=0C5=4238.
They form a cut:
(26) (X0, Xo) = {z135225}; (X0, Xo0) =2,

where @ is the empty set.

Conclusion. The results obtained in the present paper provide an oppor-
tunity to account for motivation in a discrete decision-making system through a
generalized network flow. The usefulness of such an approach is clearly shown. It
makes it possible to bridge the gap between psychological processes, motivation
in particular, and rigorous models of discrete decision-making systems.

The obtained positive results make it possible to reveal new directions for
research and to create new decision-making systems with consideration of other
psychological processes.

It is of interest if in the described class of discrete decision-making systems
through a generalized network flow the behaviour of such systems is examined if
the motivation changes dynamically and has a stochastic character.

There is a need for the combination of psychological and mathematical meth-
ods, which will create greater efficiency of the combined methods of taking solu-
tions compared to using them separately. And this, in turn, leads to the emergence
of new research tasks in decision-making processes.
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