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Conference Scheduling with Epigenetic Algorithm
Highlights

The Epigenetic algorithm was coded using the genetic algorithm.

The conference scheduling problem was solved on a topic-based basis.

The Epigenetic algorithm is proposed for the scheduling problem.

The Epigenetic algorithm produced better results than the Genetic algorithm.

It has been proposed for the optimization problems of the Epigenetic algorithm.
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Graphical Abstract
The Multidisciplinary Conference Session Scheduling problem was solved by using the Epigenetic Algorithm.
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Figure 1. Epigenetic Mechanisms

Aim
Optimization of the conference scheduling problem with the help of Epigenetic Algorithm.
Design & Methodology

Hybridizing Genetic Algorithm with Epigenetic Algorithm design and designing according to scheduling problem
Coding in Visual Studio using C# programming language.

Originality

The Epigenetic algorithm was coded using the genetic algorithm. The conference scheduling problem was solved
on a topic-based basis.

Findings

The Epigenetic algorithm is proposed for the scheduling problem. The Epigenetic algorithm produced better
results than the Genetic Algorithm.

Conclusion

It has been proposed for the optimization problems of the epigenetic algorithm. The Multidisciplinary Conference
Session Scheduling problem was solved by using an Epigenetic Algorithm.
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ABSTRACT

scheduling. In multidisciplinary conferences, in the scheduling of presentations, the coexisten
same fields in the same sessions is very important for the conference listener and the conferegg

gOriilmiistiir.
Anahtar Kelimeler: Gen

1. INTRODUCT

y in humerous conferences.
ated Planning and Scheduling
>) first emerged as a scheduling-
ence. ICAPS has enabled the
many new algorithms [1]. The main
purpose ofconferences, which are scientific activities,
is to produce information and to ensure knowledge
sharing. During the sharing of information, research
results and experiences are shared, enabling both the
audience and the speakers to gain information. In his
study, Aktay [2] observed that conference participants
focused on factors such as the conference program,
presentations, accommodation facilities, participation
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8% multidisipliner konferans planlama problemi ¢ok kisitl

hnizasyon problemleri, geleneksel optimizasyon yontemleriyle

da, multidisipliner konferans verisi kullanilarak konferans

probleminin ¢dziimii Genetik Algoritma (GA) ve Epigenetik
anilarak gerceklestirilmistir. Calismada GA ve EGA ile elde edilen deneysel
A'nin klasik GA'ya gore daha az iterasyonda daha iyi sonuglar elde ettigi

netik algoritma, konferans cizelgeleme.

fees, and important dates. Andlauer et al. state in their
study that there is a need for scientific, organizational,
and humanitarian skills. Relevant committees should
be established for the size and duration of the
conference and the threads should be defined. The
scientific board should be established and the theme of
the conference, programs, sessions, and session chairs
should be defined [3]. Nicholls proposed a heuristic
scan that enables small and medium-sized conferences
to be planned by the session chair. In the study, an
overlap of authors was prevented with the heuristic
scanning method. In addition, a reservation system has
been applied considering some preferences of the
participants [4]. Potthoff and Brams discussed the
integer programming conference scheduling problem.
The Public Choice Society and its conferences held in
New Orleans in 2005 and 2006 were assigned to the
specified time frames. Papers divided into subjects
were divided into groups of 3 or 4 and carried out with
the help of integer programming following the
specified constraints [5].



It was suggested that the presenters should not be
allowed to make more than one presentation. In
addition, when there is more than one paper, it has been
recommended to prevent this situation in a deterrent
way by taking more fees. The proposal to provide only
one paper to one person during a conference has not yet
been accepted. Participants requesting reservations
make it difficult to solve the scheduling problem. In this
case, speakers may want to make a presentation at
certain periods such as the first day, last day, and last
session. This situation may be penalized with an
additional fee because it causes avoidance of optimum
solution unless a special reason is required. Zulkipli et
al. assigned the papers to be presented to the
timeframes which are determined for conference
scheduling problems. He ensured the settlement of the
papers by addressing the conference capacity with the
method they call the Goal Programming model. With
the proposed model, a solution was produced by taking
the restriction capacity as the main factor [6]. Eglese
and Rand proposed a heuristic method for conference
scheduling, including simulated annealing. Before the
conference scheduling, the participants of the
conference were expected to select the sessions they
would like to attend with the help of a questionnaire [7].
In his study, Ibrahim et al. focused on parallel sessions
to solve the problem of conference scheduling. They
proposed a combinatorial design model in which tfbeg
parallel sessions could take place. Based on this desig
[8], |t has been deflned as mcludlng solution pro 0sa

account participant preferences, they
model that helps the confer
Sampson addressed the prefgse

satisfaction increased, in
choosing the confere

proposed &study aiming to include the keywords in the
paper to be presented at the conference in compatible
sessions. In his study, he created a feature vector
representing keywords and assigned the presentations
of individuals to appropriate times and locations using
the self-organizing map [13]. Mori and Tanaka
emphasized that they achieved this situation with the
Grouped Genetic Algorithm, which will enable similar
topics to be found in the same session [14]. However,
other constraints optimized in the study were not
shared. A solution proposal including the scheduling of

conference presentations and sessions was realized
with the Integer Programming model. With the study,
it is ensured that the topic titles of the sessions are
formed and the presentations are placed under these
topic titles. Two main constraints were taken into
account in the study [15], such as not having a speaker
in more than one session simultaneously and
minimizing the number of presentations with sessions
in the same time frame during a day. Stidsen and his
colleagues have scheduled EURO-k conferences,
which are among the largest Operational Research
Conferences in the world. For the schgduling, the
studies collected first are categorized acco to their
topics, with similar topics together. |\/|I
Programming has been used as
Correia et al.[17] schedul ili ces
that lasted 3 or 4 days a i
presentations. They d

proposed a‘Ius
scheduling pr onference programs

ach conference, it was

s scheduled. In the study, three
foymulations based on integer linear

insuffjCient to use whiteboards instead of sticky notes
the conference scheduling problem. This
application organizes conference data and offers a
multi-user design with interactive screens. They
demonstrated the importance of scheduling the
conference, taking into account the user interaction
with the application they developed. Castafio et al.[20]
proposed a content-based method for the conference
scheduling problem. The method includes a two-stage
approach. In the first stage, presentations are grouped
according to their speech content. The second stage is
aimed at listing similar contents one after another.
Eltayeb and Ahmed [21] proposed a Hyper-Heuristic
Approach for the conference scheduling problem. It is
aimed that the sessions assigned to periods and rooms
are planned and individual conflicts are avoided. It has
been observed that the GR-AM algorithm for small
conferences and the TS-IE algorithm for large
conferences give good results.

1.1. Problem Definitions

Conferences provide gains such as information sharing,
problem-solving, and explanation of the solved
problems. Information sharing and dissemination are
ensured by exchanging ideas at conferences. More
efficient results can be obtained by providing two-way
communication between speakers and listeners at
conferences. The main factor in organizing academic



conferences is the development of new knowledge, the 1
promotion of knowledge, and the encouragement of Fv = x_ oy oz
learning through research [22]. Supported by academic 470 Sa=0 £az0
conferences, universities, and research institutes

contribute to the emergence of new information, *y=number of chromosomes z = number of genes, x =
enrichment, and updating of knowledge [23]. number of constraints, Cbc = b. C the gene in the

For the conferences to take place, the presentations are ~ chromosome with penalty value. Gene, Pa = a. penalty

sorted by determining the days, places, and times in  Value of to the constraint.

advance. After determining the day and time of the

conference, the location of the conference should be £ 4 conference scheduling problem s to be

determined. Conference locations usually consist of  generalized, it can be defined as:

halls. To make speeches in the halls, many technical 0

pieces of equipment should be provided. In addition to 1—[ "
Ela o

—o<x <o (2)

(3)

these technical pieces of equipment, it also requires the
necessary human resources to keep these pieces of '\
equipment  running  smoothly  throughout the

conference. Inefficient conference scheduling results in l<p< gdve pe h
inefficient use of all these resources that will be used 1< 6 < o Ve Ohe

fOFhe conference. ] p: number of papers processed, 0: total number of
The number of conferences organized around the world  papers

is increasing day by day. At the same time, the
participation in the conferences held reaches
remarkable levels. Considering the increase in the

In this study, several constraints have been put forward
for the conference scheduling process to reflect the

number of particioants. the participation of experts in actual field of application. Constraints are divided into
the field thp P d'tl pf h P ts and perts two parts hard constraints and soft constraints. Hard
€ Tield, the expendrtures ot e events and Services ., \qiraints are determined as follows:

provided, and the gains that the conference offers to

society and the scientific world, it is important to hold ‘W

conferences efficiently. In this respect, the conference  An author cannot be in more than one session at the
scheduling problem emerges as an important problem.  same time.

Academic conferences usually cover a variety of 5\ All papers in a session must belong to the same primary
presentations. Sessions refer to presentations made S category.

without rest between two breaks. There are usually 5

presentations in a session. At the end of a session, there
is a break ranging from 10 minutes to 30 minutes.
Scheduling of conferences is carried out by automation, ) }
and without overlapping the sessions of the speakers, T here should be no free spaces in a session.

the relevant sessions are assigned per the desired  All papers in a session must belong to the same tertiary
conditions for all sessions by ensuring the integrity of  category.

All papers in a session must belong to the same
secondary category.

Soft constraints are determined as follows.

the subject. Manual schedules will be very difficult and

also difficult to modify. If every change causes another

change on one side of the schedule, it will restart the ’.

control process. When all these problems are

considered together, conference scheduling using [ FUVER] || SEEE |
computer software is manageable, sustainable, less ID Paper ID SUb',gEIdS SUb',gelds S“b',gems

costly, and more flexible. Good scheduling requires
avoiding all undesirable situations.

Penal®§gpoints re’calculated specific to all constraints
defined strained optimization problems.

Figure 2. Production of the gene

x y z
C= Z Z Z Pa % Che (1)  Figure 2 shows the gene production that occurs when a
~ paper is registered to the system. Thus, all papers

accepted to the conference are expressed by a gene and
both Genetic Algorithm and Epigenetic Algorithm
become applicable.

Forx, v, z, a, b, c it should be:

0<x<00,0<y<00,0<z<00,0<a<ow,0<b<00,0<c<c0 The

fitness value is as follows:



2. MATERIAL and METHOD
2.1. Genetic Algorithm

GA is an algorithm proposed by John Holland and
based on modeling the evolutionary processes of living
things [24]. The evolutionary processes of living things
are the protection of good individuals for their own
lives and the extinction of bad individuals. GA is a
heuristic algorithm that tries to generate solutions using
random search techniques. It is based on the principle
of parameter coding. Holland's doctorate student
Goldberg pioneered the widespread use of GA by
enabling it to transition from theory to practice [25].
GA searches among a large number of individuals.
Therefore, there is a control mechanism. This control
mechanism is made by the fitness function. GA is a
search and optimization algorithm based on natural
selection and other genetic rules [26]. It is based on the
principle that the best individual that exists in natural
life survives and the others disappear. The best
individual is determined through the fitness function. In
addition, solution diversity is provided through
operators such as crossover and mutation. The
problems that GA produces the most appropriate
solution are problems that cannot be solved by classical
methods. Since GA does not need a derivative function,
it can be preferred since it starts the solution steps with

the initial solution without dealing with the content of g

the problem.

The gene is the smallest unit in GA that carries
information on its own. Chromosomes are formed by
the combination of genes. Gene structure depends
entirely on the programmer's definition. Genes must be
defined in the correct structure to solve the problem. It
can contain a hexadecimal number system as well as a
decimal number.

Chromosomes are genetic structures formed by the
combination of multiple genes. It contains information
about the solution to the problem. All chromosomes are
possible sets of solutions for the problem. In this
respect, the content of chromosomes must be created
very carefully and must be controlled in iterated
solutions.

Populations are clusters of chromosomes. Although the
number of chromosomes in the population is fixed, it is
determined by the programmer specific to the problem.
When the genetic operators are processed, the
chromosomes in the population disappear, and the
population number is fixed with the addition of the
newly formed chromosomes.

Segmentation of medical images [27], reallocation of
load balances of virtual machines between resources
[28], has been used by GA, Higazy, and Alyami [29] to
model another current problem, COVID-19 outbreak
transmission. GA has also been used in
optimization[30] and classification problems [31].

2.2. Epigenetic

The word "epi" is a prefix and corresponds to
expressions such as "besides, in addition, extra".
Epigenetics refers to the variations that occur in parallel
without affecting the base sequences of Adenine,
Thymine, Guanine, and Cytosine that form the genetic
code structure [32]. This means that Epigenetics falls
outside the classical concept of genetics [33]. Without
a change in Deoxyribonucleic Acid (DNA) sequence,
the occurrence of changes at the gene level is called
Epigenetics [34]. While epigenetics does not cause
changes in DNA structure, it causes significant changes
in the functioning of genes throughout the life span
[35]. Conrad Waddington stated that mechanisms other
than DNA sequence caused this differentiation during
living development. Recent studies have demonstrated
that Epigenetics plays a role in the regulation of gene
expression not only during development but also in
adult life Siegmund et al., [36]; Kouzarides [37];
Metivier et al., [38].
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Figure 3. Basic structure of the epigenetic mechanism

Figure 3 shows the basic structure of the epigenetic
mechanism biologically.

Epigenetic changes are stable and permanent [37].
However, Epigenetic changes are reversible [38]. The
dynamic nature of epigenetics is due to changing
conditions [39]. However, this feature makes it possible
to control gene activity with the help of interventions
such as changing environmental living conditions, drug
use, and therapy administration. Thanks to this dynamic
feature, Epigenetic changes form the basis of study
when determining a new treatment strategy [39].
Epigenetics is inherited. This feature makes it possible
to determine the effect of environmental conditions on
gene expression, its benefit, and harm on that
individual, and to be passed on to the next generations
[40]. Epigenetics is a dynamic mechanism. This feature
has enabled it to be arranged according to changing
environmental conditions. It is possible to control gene
expression with effects such as medication, nutrition,
and treatment. In this case, the advantage or



disadvantage caused by environmental conditions on
gene expression can be carried over to the next
generations Delcuve et al., [41]; Kaminsky et al., [42].

Mechanisms that allocate information in the structure
of genes without changing the nucleotide sequence are
called Epi. Epigenetic processes are natural and
essential for living organisms. Epigenetic mechanisms
can also create adverse effects for living organisms due
to environmental conditions. Methylation,
sumoylation, phosphorylation, ubiquitylation, and
acetylation are among the types of epigenetic
modification [43].

In another definition made for epigenetics, it was stated
that it is a scientific field that allows the regulation of
gene activities independent of gene sequence and the
investigation of changes in gene expression [44].
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Figure 4. Epigenetic mechanisms

Figure 4 shows epigenetic factors and epigenetic
mechanisms. Epigenetic tags form a second structural
layer. Epigenetics contains DNA and all chemical tags
in the structure of histone proteins to regulate gene
activity (expression) in the gene structure. Thus,
epigenetic gene activation and regulation of gene
silencing can be realized [45].

2.3. Epigenetic Algorithm

The use of EGA in engineering applications has found
aplace in recent studies. Dipankar et al. by constructing
the Genetic Algorithm developed a new genetic model
called the Structured Genetic Algorithm (SGA). They
did not mention the elements of EGA in their work but
used gene activation that controls gene states of EGA.
They used a model based on gene repression, not gene
silencing. In this model, gene activity regulation was
performed with a layered structure for genetic material
and chromosomes. Thus, the crossing and mutation
processes were made more efficient and convergence to
the best solution was achieved. It has been proven by
mathematical calculations that sGA provides better
results theoretically than GA. It is determined that EGA
will provide an effective solution in multi-stage
optimization problems [46].

Tanev and Yuta developed a model with EGA in 2008.
This model has allowed the development of an
algorithm based on gene expression regulation using

histone proteins and modifications. By detecting
beneficial effects on GA performance with EGA, an
effect on the evolutionary process has been achieved.
In the study, EGA and GA results were compared for
the predator-prey pursuit problem and it was found that
EGA provided 2.1 times improvement [47].

Periyasamy et al. proposed EGA as an optimization
strategy with the Epigenetic mechanism based on the
intergenerational adaptation of the biological process.
It has been determined that cellular processes are aimed
at achieving optimization of biochemical molecules
with an adaptive strategy in organisms [48].

Sousa and Costa have proposed an Epigenetics-based
approach called EpiAl. There are two main entities in
this approach: agents and the environment. Agents
change phenotype levels with the help of environmental
conditions. An agent acts as a regulator of gene
expression according to stimuli from the environment.
Apart from that, they argued that it can be determined
whether the inheritance process will occur between
generations with epigenetic signs. While epigenetically
unchanged populations could not survive under
changing living conditions, epigenetically modified
populations adjusted themselves by adapting to the
changing environmental conditions. As a problem
application area, EPIAL has been applied by subjecting
smthe agents to environments where the agents are
changed periodically or non-periodically with three
basic conditions such as temperature, light, and food
[49].
Chikumbo et al. addressed the problem of land use
management with the Epigenetics-based Evolutionary
Algorithm. The land has been identified near Rotorua,
New Zealand, and they have ensured sustainable land
use [50].
Turner et al. proposed the Artificial Epigenetic
Regulatory Network (AERN) by developing the
artificial gene regulation (AGN) model. The artificial
epigenetic regulation network initially starts by making
use of the Genetic Algorithm. The network provides
efficiency thanks to its ability to disable genes.
Recovery is provided with the genes that are disabled.
By combining epigenetic elements with chromatin
modifications in the artificial epigenetic regulation
network, the exchange of Epigenetic information has
been provided by DNA methylation. The development
of the network is provided by epigenetic control, and in
this model, if subsets of genes are active, the probability
of realizing a target increases. The purpose of this
process is to represent the process governed by the rules
of evolution and to follow a specific trajectory [51].

La Cava et al. used a Developmental Linear Genetic
Programming model with an Epigenetic mechanism
and presented a model to solve the symbolic regression
problem. Epigenetic properties of genotypes
representing equations are optimized with a model
called an epigenetic hill climber. The epigenetic hill
climber has a genotype consisting of a list of tasks and
also a binary sequence of equivalent length is created



for each individual. The concept of Epiline is used for
this dual sequence. During the conversion from
genotype to phenotype, not only Epiline but all active
tasks are fulfilled [52].

Stolfi and Alba developed the Epigenetic Algorithm
and used four epigenetic operators. The first operator is
the Start operator, which creates cells. The second
operator is the Nucleosome production operator. The
third operator is the Nucleosome-based reproduction
operator, where the Epigenetic rules are followed. The
fourth operator is the epigenetic mechanisms operator.
Epigenetic mechanisms are the operator by which DNA
methylation and adaptation to environmental
conditions are determined.  Each individual in the
population harbors cells that offer different solutions to
the problem. Each chromosome is represented as a dual
vector. The first vector represents the possible solution
to the chromosome problem in the population; the
second vector represents the mask to be used in
crossing. The structure, which is the second vector and
called the mask, performs the same task as the
Epigenetic Factor List in the Epigenetic Algorithm.
Stolfi's work focused on the effect of EGA on gene
replication to form nucleosomes with DNA and histone
proteins, and on the effect of epigenetic mechanisms on
gene expression Rosso [53]; Stolfi and Alba, [54].

Ricalde introduced a new approach to Genetic
Programming inspired by Epigenetics. In this approach,
chromosome regions affected by environmental factors
are activated and deactivated. A task-based application
is carried out with DNA methylation in epigenetic
mechanisms.  These mechanisms only affect
conditional nodes. Ricalde, on the other hand, aims an
adaptable model by evaluating the diversity of the
environment and adding the changes in the
environment to the calculations. Thewhanism

enables the calculation of changes in the environment
by performing epigenetic mutations. Ricalde proposed
solutions for changing environmental conditions and
reported  Genetic  Programming  performance
improvements. Thus, it has become that individuals can
adapt to environmental conditions more easily. Ricalde
developed this method to control the traffic signal [55].

Epigenetic algorithms have been applied in the field of
optimization and planning of the Global System for
Mobile Communications (GSM) mobile frequencies
[56]. Epigenetics has been used in the Intrusion
Detection System for study purposes study to assist in
identifying crossing and mutation processes based on
the randomness of the Genetic Algorithm [57]. It was
emphasized that there are two types of attack detection
systems, the first is to detect attacks made with known
signatures, and the second is that abnormal behaviors
are detected by heuristic approaches. Epigenetic
Algorithm  optimizes by hybridizing heuristic
algorithms to get the best solution. Factors introduced
in addition to the Genetic Algorithm have led to the
emergence of new hybrid algorithms. As a result of the
research, epigenetics that examines gene expression
without changing the gene sequence has led to the
discovery. Epimutation and Epicrossover have been
added to the classical Genetic Algorithm to approach a
better solution and help reduce the number of iterations.
Epigenetics is a mechanism that controls the activation
of chromosome structure or the regulation of

inactivated genes. With the Epigenetic Algorithm, the
solution to the multidimensional backpack problem
(Knapsack Problem) has been developed. Ezzarii et al.,
in another study, developed an attack detection system
for advanced threats and emphasized that an Epigenetic
Algorithm-based attack classifier provides higher
performance [58]

2

3

4

5 enetic factors to genes that do not allow criteria (1) (epigenetic
actors list)

6 Apply Selection (Roulet whelle technique)

7 Send the chromosomes to the Mating pool

8 Apply Crossover operator

9 Apply Epicrossover operate according to epigenetic factor list

10 Apply Mutation operator

11 Apply Epimutation operator according to epigenetic factor list

12 Create the Next population from the previous population

13 while (!(end of Generation) or (stop to get better))

14 Take the best chromosome to the solution

15 end

16 end



The pseudo-code of the epigenetic Algorithm is
shown with Algorithm 1.

2.3.1 Epicrossover Operator

Although the Epicrossover process is similar to the
Crossing process within the Genetic Algorithm, it
shows fundamental differences. Randomness is the
main factor in the Crossing process required for the
Genetic Algorithm. The two genes are carried out at
the rate determined by the type of crossing. Which
genes to cross for epicrossover can be managed to a
certain extent. To be able to manage this, the
Epigenetic Factor List must be determined. Thanks
to the Epigenetic Factor List, it is known throughout
the chromosomes which genes are problematic. Any
two genes to be crossed are presented to the crossing
rate with the Epigenetic Factor List, shortening the
steps to achieve the optimum result. With the
Epigenetic Factor List, it is determined which genes
are against the restrictions in terms of fitness.

Figure 5. Epicrossover

Figure 5 shows the epicrossover operator and gene
exchange is possible only between genes designated
as 1.

2.3.2 Epimlfwy

Epimutation operator; although it is similar to the
Mutation process in the Genetic Algorithm, there are
fundamental differences in the Epimutation process.
The Mutation within the Genetic Algorithm is based
on the principle that any two genes in the same
chromosome are completely randomly selected and
replaced at a predetermined rate. However, the
Epimutation process ensures that this randomness is
managed at a certain level.

4

Figure 6. Epimutation
Figure 6 shows the Epimutation operator.

®
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Epimutation, crossing in the Epigenetic Algorithm
design, new individuals formed after mutation
processes and individuals obtained after the Elitism
process are kept in memory and transferred to new
generations. Similarly, in the Epigenetic Algorithm
design, an Epigenetic Factor List is created for each
new generation by making epiheritance.

2.3.4  Epigenetic Factor List

Epigenetic Factor List, An Epigenetic factor list is
created for each gene with or without a penalty in
Epigenetic design. This Epigenetic factor list created
determines whether each gene will be active or not.
Each gene is identified by a 1 or a 0 to determine
whether it is active or not. Epigenetic factors occur
by creating a list for the entire population and the
entire chromosome. This list will facilitate the
selection of genes that will participate in the crossing
and mutation processes in the classical Genetic
Algorithm.

It is the new transition operator that applies to genes
with a value of '1' for epicrossover and epimutation.

List of Epigenetic Factor

Figure 7. Epigenetic factor list

Figure 7 shows the generation of the Epigenetic
factor list.

In this case, active genes and inactive genes are
distinguished. After identifying the active genes and
the inactive genes, the Epigenetic Factor List is
created to apply the Epigenetic Algorithm. After the
Epigenetic Factor List is prepared, Epicrossover and
Epimutation processes are made ready to be carried
out.

3. EXPERIMENTAL RESULTS

In this title, information on the comparative results
of the conference scheduling process performed with
the Genetic Algorithm and Epigenetic Algorithm is
given. C# programming language was used to solve
the problem with Genetic Algorithm and Epigenetic
Algorithm. MS Access database software is used as
a database. The developed software was tested on a
computer with 8 GB Ram and 3.00 GHz 4-core Intel
i5 processor running on Windows 10 operating
system. The experiments determined for the Genetic
Algorithm and Epigenetic Algorithm used in this
study were run 10 times. In this study, data from 2
different multidisciplinary conferences are provided
for the performance of the algorithms. The obtained



data were recorded in the database and expressed

with genes.

Table 1. Algorithm and Operator Information for 100 Paper Scheduling

Operator Classical GA EGA

Crossover operator 90% Multi-point 85% Multi-point
Epicrossover operator - 35% Multi-point (epigenetic factor list)
Mutation operator 0.1% 0.1% Two gene
Epimutation operator - 0.08% Two genes (epigenetic factor list)
Epigenetic factor list No Yes
Epigenetic inheritance No Yes
Number of Population 10 10 10 10 10 10 10 \ 0
Chromosome Length 300 360 450 540 300 360 \
Day 2 2 3 3 2 29 3

_ 6 6 6 6 6 » N\ 6
Session
Halls 5 6 5 6 5 , 6
Fitness Value 0.968144 0.960904 0.957574 0.951907 0.999033 %9930 0.995147 0.994943
Number of lterations 100000 100000 100000 100000 100000 1008Q0 100000

®
Table 1 shows the GA and EGA results for the conference scheduli&_;’prob

Table 2. Algorithm and Operator Information for 242 Pape‘Sche

Operator

Classical GA

Crossover operator

% 90 Multi-point

100 papers.

A4

% Multi-point

Epicrossover operator - 35% Multi-point (epigenetic factor list)

Mutation operator %0.1 %0.1 two genes

Epimutation operator - 90.08 Two genes (epigenetic factor list)
Epigenetic factor list No i Yes

Epigenetic inheritance No . Yes

Number of Population 10 A 10 10 10 10 10 10
Chromosome Length 540 300 360 450 540
Day 3 3 2 2 3 3
Session 6 6 6 6 6 6
Halls 5 6 5 6 5 6
Fitness Value 0.9824 0.9811 0.9986 0.9978 0.9941 0.9935
Number of Iterations 4 | 100000 100000 100000 100000 100000 100000

Table 2 sh e

results for the conference scheduling problem with 242 papers.
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Figure 8. 100 Papers, 2 days 6 sessions 5 halls Genetic Algorithm
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Figure 8 shows the Penalty function and Fitness Function for 100 papers, 2 days 6 sessions 5 halls with a Genetic
Algorithm. The penalty function and fitness function graph in this scenario with 100 papers is shown. The penalty
value started from 6105672. The penalty value has decreased to 174679.
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Figure 9 shows the Penalty function and Fitness
Function for 100 papers, 2 days 6 sessions 5 halls.

The penalty function and fitness function graph are
shown in this scenario with 100 papers. The penalty
value initially started as 6274811. The penalty value
has decreased to 12003. When the graphs of penalty
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function for 100 papers, 3 days 6 sessions 6 halls.
The penalty function and fitness function graph in

PENALTY FUNCTION

120

T

Penalty Value (1046)

40 60 80 100

Number of lteration (1043)

120

Fitness Value

Fitness Value

Fitness Value

FITNESS FUNCTION

1,02

1,00 4

0,98

0,96 i

0,94 4

0,92

0,80 B

088 ] " ; ; ; ;
0 20 40 60 80 100

Number of Iteration (10+3)
- ) 4

120

— - ~—
values and fitness values shown in Figure 7 are
examined, it is revealed that the Epigenetic
Algorithm is more efficient than the Genetic
Algorithm in terms of both penalty value and fitness
value.
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Figure 10. 100 Papers, 3 days 6 sessions 6 halls Genetic Algorithm

this scenario with 100 papers is shown. The penalty
value has decreased to 740650. The fitness value
increased to 0.9519.
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Figure 11 shows the Penalty function and the fitness function for 100 papers, 3 days 6 sessions 6 halls. The fitness

value increased to 0.994943.
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Figure 12 shows the Penalty function and the fitness function for 242 papers, 2 days 6 sessions 5 haIIs

value increased to 0.9881.
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Figure 13 shows the Penalty functlon and Fitness Function for 242 papers, 2 days 6 sessions 5 halls. The fitness

value increased to 0.9986.
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Figure 14 shows the Penalty function and Fitness Function for 242 papers, 3 days 6 sessions 6 halls. The fitness

value increased to 0.9811.
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number of days, the number of sessions and the number
PENALTY EUNCTION of halls, and the number of conference papers. This
process is an important factor in a dynamic scheduling
solution. This situation will give a positive reaction to the
dynamic change of the needs of the conference in today's
conditions. In this problem solved with the Epigenetic

w=g==_ Penalty Value

w
o

N
o
t

g 20 § . Algorithm, apart from classical crossover and classical
515 ; mutation operators, epicrossover and epimutation
s 7] ¢ operators were applied according to the Epigenetic
E 10 1 £ Factor List for the application. In this way, better results
& were obtained with the Epigenetic Algorithm. The

(&)

r

epigenetic  structure, which was developed with
inspiration from the field of biology and biotechnology,

0 20 40 60 80 100 120 | has been used in software and especially in optimization
Number of iteration (10%3) problems. By ensuring the integration of the Epigenetic

Figure 15. 242 Papers, 3 days 6 sessions 6 halls Epigenetic  structure with the Genetic Algorithm, it ensures that the
Algorithm understanding of the randomness of the Genetic
Figure 15 shows the Penalty function and Fitness Algorithm is partially managed. In this way, better
Function for 242 papers, 3 days 6 sessions 6 halls. solutions are obtained by enabling gene exchange in a

more controlled manner. One of the experimental results
obtained within the scope of the study is the free time
situation. As the number and capacity of papers in a
conference increases, the number of free time will also
increase. In this case, while the number of papers was
fixed, it was determined that the initial value of the
penalty was greater in the experiments performed by
increasing the capacity. Capacity expansion can enable
scheduling on a larger scale. However, the initial penalty
value is higher. This situation changes the priority order
of the applied algorithms for optimization. When the
) k : number of papers is fixed and the capacity increases, both
papers increases, scheduling becomes more dffficult: the Genetic Algorithm and the Epigenetic Algorithm will
start to postpone the empty sessions until the last session
on the last day of the conference since the initial penalty
value starts with a higher value. Then, it will start to make
the primary sub-fields, secondary sub-fields, and tertiary
- ; ) sub-fields of the studies in the same sessions in the same
solution space is getting ) way whether there is work by the same author in

A concurrent sessions. In addition, in cases where the
number of capacity increases, when the initial penalty
value is compared with the last penalty reached, the most
improvement is seen in cases where the capacity is high.
However, this improvement is in the context of
optimization and does not provide an advantage for the
end-user. The ability of the software to provide the best
service to the end-user will not have the improvement
values achieved by the algorithms, and when the program
is stopped, it will be questioned whether the solution
obtained is available in the industry. It has been observed
that determining the number of days, sessions, and halls,
4. CONCLUSION which are the parameters of the capacity variable,
Within the scope of this study, the conference scheduling ~ constitutes the important decision variable of the
problem was solved with a Genetic Algorithm and an  conference scheduling problem. In this respect, it was
Epigenetic Algorithm based on the real data of the observed that the best schedule situations were obtained
multidisciplinary conference. In the conference  with this study when the number of papers and capacity
scheduling problem, the decision variables regarding the ~ were the same. The Genetic Algorithm and Epigenetic
number of days, sessions, and halls affect the scheduling ~ Algorithm begin problem-solving with an initial
performance. In order to schedule a conference inthe best ~ population. This starting population is randomly
way, it is necessary to prepare the balance between the  generated. In the experimental results and the graphs

The penalty function and fitness function graph in this
scenario with 242 papers is shown. The penalty value has
decreased to 91527. The fitness value increased to
0.9519. When the graphs of penalty values and fitness
values shown in Figure 14 are examined, it is revealed
that the Epigenetic Algorithm is more efficient than ti®
Genetic Algorithm in terms of both penalty value %h
fitness value. This situation shows that 242 papers a
bigger than the scheduling made with 3 days 6 sessio

scheduling 2 days, 6 sessions with 5 ha
value generated in the first iteratioigigghi

sessions 5 halls is cl€ solution. Scheduling
242 papers ipSgpla ssionPWwith 6 halls is also more

guse the solution space of the
days 6 sessions and 6 halls is
olution space, convergence to the



obtained, it was observed that the penalty value
decreased in all scenarios in the iterations immediately
after the initial population. This is true for both the
Genetic Algorithm and Epigenetic Algorithm. This
proves that the starting population was randomly
generated. In addition, this situation reveals that it is not
acceptable to solve combinatorial problems such as
scheduling problems in completely random steps. The
complexity levels discussed and defined in the program
developed within the scope of this study were prepared
by considering today's conference needs. Algorithms
such as Genetic Algorithm, and Epigenetic Algorithm are
among meta-heuristic algorithms. In this study, articles
belonging to 2 different conferences were obtained and
recorded in the database to obtain experimental results.
In the studies in the literature, other methods such as
simulated annealing, integer programming, and linear
programming, which are heuristic and meta-heuristic
algorithms for the conference scheduling problem, have
been proposed for the solution. It has been revealed that
the Epigenetic Algorithm structure, inspired by the
medical field, saves the classical Genetic Algorithm
structure from the understanding of full randomness in
optimization problems in the software field. Thus, the
Epigenetic Algorithm, which provides partial control
under certain conditions, emerges. In the case of

controlled gene exchanges, the Epigenetic Algorithm g

gives better results in a shorter time than the Genetic
Algorithm. In this way, a better solution has been
obtained. Other researchers may be able to compare the
Epigenetic  Algorithm  with  other metaheuristic
algorithms for other problems in future studies. In
addition, it has been paved the way for other researchers
to study whether there is a successful solution algorithm
for other problems with the Epigenetic Algorithm.
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