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Abstract

The development of citizen science games requires the implementation of different
game mechanics to make them challenging, interesting and motivating. These me-
chanics are often borrowed from commercial video games, but their outcome on the
quality of solutions obtained and player motivation are not fully understood.

Citizen science games can be used to solve complex scientific problems. Genome
sorting is such a complex problem in genomics which is to find the shortest number of
events for transforming one genome to another. Through solving this genome sorting
problem we can also learn much about genome evolution. However, the presence of
duplicate genes in the genomes makes this problem NP-hard.

In this thesis, we propose a citizen science game GeSort which aims at solving the
genome sorting problem even in the presence of duplicate genes. Through this game
we also analyze the effect of showing a timer, an achievable (top) score and a live
leaderboard on players’ scores, puzzle completion time and motivation using different

versions of our citizen science game GeSort.
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Chapter 1

Introduction

Fvolution in biology describes the diversification and ancestry of all living entities.
The idea of evolution was introduced in the philosophy of Heraclitus (535-475 BC)
and established in the sixth century AD [3]. But a little was known back then
about how biological evolution occurs, what are the changes it makes in the species.
Modern computational biology attempts to answer all these questions. Now research
continuously improves our understanding of the genetic changes that have been made
into the species through evolution.

Genome evolution refers to the process that changes the structure and the content
of a genome over time. During this evolution, genomes keep accruing mutations
and these changes affect the gene content and the structure of the whole genome.
The events which occur during this evolution can be subdivided into two categories:
rearrangement events such as inversions, which reorganize the orders of the genes
and content modifying events which affect the copy number of the genes such as

duplications and deletions. Gene duplication is one of the fundamental processes
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for genome evolution [4] especially for vertebrate genomes [5} 6} [7; 8]. In general, a
significant number of genes in bacteria, archaea and eukaryotes are the result of gene
duplication. [9]. Deletions or losses can occur for a single gene or for a segment. Just
like other events, deletions can occur as long as it doesn’t create a problem for the
organism. [B} [6; [7; 8}, [10; [11].

The study of genome evolution gives us a better understanding of how the genomes
are evolving, how two genomes from different species are related to each other or
how distant they are in an evolutionary scenario. Comparing genomes is the first
step into a better understanding of how genomes have evolved from ancestral species
to species we can observe today. To understand the evolutionary history between
genomes, we can infer a sequence of events to transform one genome into another.
The genome sorting problem is to find the shortest sequence of biological events that
can do this transformation. Through solving this genome sorting problem we can also
learn much about genome evolution, such as the types of events that are occurring
more frequently for example. This problem is simpler when the genome has exactly
one copy of each gene and can be solved in polynomial time [12; [13]. However, the
usual case is to have multiple copies of certain genes in the genome. In this case,
the genome sorting problem becomes NP-hard [14} [15; 16} [I7; 18] as there is no
one-to-one correspondence between the genes and the source of duplication remains
unknown.

Crowdsourcing approaches for solving difficult computational problems are getting
popular nowadays. Games like Foldit[T9], Phylo[20], Ribo|2I], EteRNA [22] illustrate

the potential of this technique for solving complex problems in bioinformatics. It also
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demonstrates that well-chosen scientific problems can be framed into casual computer
games to reach a large pool of contributors. With more than 4 billion users spending
on average 6 hours online per day [23], Internet gathers a tremendous amount of
human attention. By tapping into this potential, crowdsourcing systems have the po-
tential to provide massive resources to help with solving complex scientific problems.

But for getting the best output from these large pool of players, these human
computation games (HCGs) need to be more interesting and captivating. Lack of
engagement in these HCGs may result in loosing the players soon after they start
playing the game [24; [19]. One way to make these HCGs more captivating is to add
game features like a scoring scheme or an award system to motivate the players. This
may also lead us to get better results from these HCGs. However, the effects of these
game features on motivating the players and on producing quality data have not yet
been thoroughly studied.

Recent researches on human computing have started to focus on analyzing the
game features and game mechanics [25} 26} 27; 28; 29]. Most of these studies focused
on a particular game feature, such as Gaston et al. [30] implemented a three star
system on the protein folding game Foldit [19]. Their work [30] illustrates the impact
on encouraging the players for getting better results. They showed that with their
three star reward system, the players are motivated to perform better and recomplete
the levels more often [30]. Siu et al. [20] studied the effects of multiple reward
systems on the players performance and experience in HCGs where the players are
able to choose the type of reward. They have found that in the version where the

players can choose the type of the reward, they performed better than the version
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where the rewards were assigned randomly and this resulted in higher correctness of
the results and lowering the completion time. These results indicate the necessity of
different game mechanics for getting better results from the large number of online
players. However, there is still much to learn about certain other game features (timer,
on board top score, live leaderboard) and how a combination of them can interact
together.

This thesis thus focuses on developing a citizen science game which aims to solve
the genome sorting problem with the presence of duplicate genes. One of the major
objectives of this game is to get better results from the players. Previous studies
[19; 26] showed that adding different game features such as a reward system can lead
us to make a HCG more interesting and challenging and this may also lead to get
better results. For this reason, this research also focuses on evaluating the effect of
different game features (timer, top score and leaderboard) on player’s performance
and motivation using different versions of this citizen science game. Besides evaluating
all these three game features individually, this research also studied the combination
of these three game features to find out an effective way to design this HCG.

The research objectives and how this thesis is organized, are given below:

1.1 Research Objectives

This research has two major objectives: first, to analyze the effectiveness of
different game features (timer, top score and leaderboard) in a human computing
game. Second, to solve the genome sorting problem, which is algorithmically NP-

Hard |14 31 16; [I7; 15, B2] in the presence of duplicate genes, using this game.
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After getting a reasonable amount of data from the large pool of players available
online then we will analyze the results of the players, their puzzle solving patterns

and compare these results with the existing algorithms [2; [33].

1.2 Organization

This thesis is organized as follows:

Chapter 2 describes the biological and algorithmic background of this research.
e Chapter 3 presents the background of citizen science games.

e Chapter 4 describes the effect of timer, top score and leaderboard on perfor-
mance and motivation in a citizen science game. This work is submitted to CHI

2019.

e Chapter 5 explains the citizen science game we developed for solving the genome
sorting problem. A short paper about this citizen science approach was pub-

lished in HCOMP 2017 [34].

e Chapter 6 concludes this thesis.



Chapter 2

Bioinformatics Background

2.1 Biological Context

The study of genome evolution gives us a better understanding of how the genomes
are evolving, how two genomes from different species are related to each other or how
distant they are in an evolutionary scenario. A genome is a set of all the genetic
materials of a living organism: it is the entire set of genetic instructions to build and
maintain an organism. That’s why genomes are often described as the information
repository of life. Genomes are made up of chromosomes which are molecules of DNA.
Genomes contains genes and proteins. A gene is a segment of a DNA strand which
codes for proteins. DNA stands for deoxyribonucleic acid which is a large molecule
composed of millions of nucleotides. There are four possible nucleotides: Adenine(A),
Guanine(G), Cytosine(C), Thymine(T). To make a protein (the molecules that per-
form most of the functions in living organisms), another important molecule similar

to DNA is needed which is called RNA (ribonucleic acid). RNA is composed of nu-
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cleic acids and there are several classes of RNA that can play many different roles.
Messenger RNA (mRNA) is responsible for carrying the genetic information copied
from DNA. Transfer RNA (tRNA) is responsible for carrying amino acids in protein
synthesis. Ribosomal RNA (rRNA) is involved in making up the ribosome and the
ribosome makes the protein according to the instructions from the mRNA with the
amino acids carried by the tRNA.

DNA molecules are made up of two complementary strands connected together.
All the genetic information can be found on any of the two strands. These strands
also have an orientation. The normal orientation in most biological processes is 5’-
3’ (Forward strand). The two complementary strands of DNA are in the opposite
orientation relative to each other. This also means that the genes that are found in
one strand, are going to be in the opposite direction than the genes that are found
on the other strand. Sequence of genes in a chromosome can also be represented
as permutations of characters, where each gene is labeled as one character. A gene
order thus refers to this kind of permutation, representing a sequence of genes as they
appear on a chromosome. Gene orders can be signed, in which case genes that are on
the forward strand will have a plus sign, and genes on the opposite strand will have
a minus sign. Traditionally, the order of the genes was determined by the percentage
of recombination between each gene pair. This percentage of recombination tells us
how a gene pair is linked to each other and this percentage works as a map unit while
mapping the genes on a chromosome. For an example, if we have three genes (X,Y,Z)
on a chromosome and the percentages of recombination between each pair of these

three genes are: 5% between X and Y, 3% between Y and Z, 8% between X and
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— 5 map unit
8 map unit—

3 map unit

Figure 2.1: Order of X,Y,Z genes in a chromosome.

Z, then the genes can be mapped into the chromosome in the order shown in Figure
2.1 With the reductions of sequencing costs in recent years and the greater availability
of fully sequenced genomes, it is now possible to use fully annotated genomes to obtain
gene orders.

Genome evolution is the process of changing the structure and content of genomes
over time. During this evolution several evolutionary events may occur. The examples
of these evolutionary events are given below:

Deletion: Deletion is an event where a part of the chromosome or a sequence of

DNA is lost during evolution. An example of deletion is shown in Figure 2.2
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Deleted Area

After Deletion

Before Deletion

Figure 2.2: Deletion in a chromosome.

Duplication: Duplication is the event where a single gene or a sequence of genes
are replicated in a place other than its original place on a chromosome. An example
of duplication is shown in Figure

Inversion: Inversion is the process where a segment on the chromosome is re-
versed. In bacterial genomes, which have a single circular chromosome, the inversions
often occur around the "origin" or "terminus" of replication, which are where DNA
replication (copying) starts and end respectively [35]. Usually genes before the ter-
minus are in a positive orientation and genes after the terminus are in a negative
orientation. An example of the inversion event is shown in Figure [2.4]

Translocation: In multichromosomal genomes, translocation events are also pos-
sible. A translocation is an event that exchanges genetic material at the extremities

of two different chromosomes. An example of the translocation between two chromo-
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Duplicated Area —, —_—

Before Duplication

After Duplication

Figure 2.3: Duplication in a chromosome.

Before Inversion After Inversion

Inversed Area —

Figure 2.4: Inversion in a chromosome. Here the black circle represents the terminus
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Chromosome B
Chromosome A

Before Translocation After Translocation

Figure 2.5: Translocation between two chromosomes.

somes is shown in Figure [2.5]
Transposition: Transposition is the process of removing a segment from a chro-
mosome and reinserting it to another place on the same chromosome or on a different

chromosome. An example of a transposition event is shown in Figure [2.6

2.2 Algorithmic Background

In evolutionary molecular biology, the study of genome rearrangements is very
important. One of the most studied problems is to compute the minimum number
of evolutionary events required to transform one genome into another. This problem
is called genome sorting. By sorting two genomes we can also know much about
their evolution. For this transformation we need to perform some content-modifying
operations such as deletions and duplications and rearrangement operations such as

reversals (inversions), transpositions and translocations.[36; 37} 38].
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Transposable
Area

-

Before Transposition After Transposition

Figure 2.6: Transposition in a chromosomes.

2.2.1 Sorting by Reversals

Sorting a genome by reversals is the problem of finding a shortest sequence of
inversions that transforms one genome into another. The position that represents an
adjacency that is present in one gene order but not in the other is called a break-
point. Moreover, a breakpoint is the position in a permutation which needs to be
changed by an operation to bring it closer to the other permutation. Kececiglu and
Sankoff [37] presented a greedy approximation algorithm which is capable of remov-
ing most of the breakpoints from a permutation and at least one breakpoint with
every reversal. Their method is a 2-approximation algorithm and the worst-case time

complexity of their algorithm is O(n?). Bafna and Pevzner [39] then introduced a
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very important concept of reversal cycle graph which is an edge colored undirected
graph. This concept is important because they improved the lower bound for the
reversal distance by considering cycles in this graph. Bafna and Pevzner thus gave a
7/4-approximation algorithm and the worst time complexity was also O(n?). Later
Christie [40] presented a 3/2-approximation algorithm for sorting by reversals by
introducing a reversal graph.

All these algorithms had the same time complexity until Hannenhalli et al. [12]
proved a duality theorem for solving the problem of sorting signed permutations by
reversals which is a polynomial time algorithm. This was the first exact polynomial
time algorithm for a realistic model of genome rearrangements. Later Tannier et al.

[13] proposed an exact method for sorting signed permutations by reversals with a

time complexity of O(ny/nlogn).

2.2.2 Sorting by Transpositions

A transposition is an operation that swaps two adjacent gene blocks in a genome.
Similarly to the reversal distance, the transposition distance is the length of the short-
est sequence of transpositions that transforms one genome to another and sorting by
transpositions is the problem of finding that shortest sequence. Guyer et al. [41] gave
a heuristic for sorting by transpositions. Later Bafna and Pevzner [42] introduced
the concept of a transposition cycle graph which is a directed edge colored graph.
Thus they obtained a polynomial time 3/2-approximation algorithm and the com-
plexity for this problem is unknown [42]. Hartman et al. [43]| simplified the problem

of sorting by transpositions by proving that the problem of sorting circular permu-
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tations by transpositions is equivalent to the problem of sorting linear permutations
by transpositions. And it led them to have a 3/2-approximation algorithm with a
time complexity of O(n3?y/logn). Actually the problem of sorting by transpositions
is NP-Hard [44], that’s why we only have the approximation algorithms to solve this

problem.

2.2.3 Sorting by Reversals and Transpositions

Analysis of genomes evolving by reversals and transpositions leads to a more com-
plete model of genome rearrangements and sorting by reversals and transpositions
is the problem of finding the shortest sequence of reversals and transpositions re-
quired to transform one genome into another. Walter et al. [45] worked on that
problem for linear chromosomes and gave a 3-approximation algorithm. Rahman et
al. [46] then introduced a cycle decomposition approach for sorting unsigned per-
mutations by reversals and transpositions which improves the approximation ratio
to a 2K-approximation algorithm where K is the approximation ratio of the cycle
decomposition algorithm used. Using the best value of K for this problem which was
determined by Guohui et al. [47], their algorithm thus had an approximation ratio

2.8386 + 0 where 0 > 0 and a small positive number.

2.2.4 Sorting by Translocations

Sorting by translocations is the problem of finding the shortest sequence of translo-
cations that is required to transform one multichromosomal genome into another.

Kececioglu et al. [48] studied the translocation distance problem for the first time
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and they gave a 2-approximation algorithm.

Hannenhalli [49] proved a duality theorem for calculating translocation distance
for signed permutations in polynomial time which leads to an algorithm for trans-
forming one genome to another by translocations. The worst case time complexity of
that algorithm was O(n?). Later Bergeron et al. [50] gave a proof that the translo-
cation distance can be computed in linear time and gave a new algorithm for sorting

by translocations.

2.2.5 Sorting by DCJ

A double-cut-and-join (DCJ) is an evolutionary model which calculates the dis-
tance between two genomes. This model cuts a genome into two pieces either in one
chromosome or in two different chromosomes. Then it rejoins the four cut ends in a
different order. An example for DCJ operation is shown in Figure [2.7 Yancopoulos
et al. [I] introduced DCJ through which the genomic distance can be computed in
linear time. Bergeron et al. [51] gave a linear time algorithm to compute the genomic
distance via DCJ for linear chromosomes.

These algorithms for calculating the DCJ distance are mainly for signed genomes.
Calculating the DCJ distance for sorting unsigned genomes is NP-Complete [52].
Jiang et al. [52] devised a 1.5-approximation algorithm for sorting unsigned linear

multichromosomal genomes by the DCJ operations.
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o—290

o—=0
c d

a b

IYI OR L ®
/ L]
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Figure 2.7: An example of general DCJ operation. Figure taken from Yancopolos et
al.[1]

2.2.6 Sorting with Unequal Gene Content

All of these algorithms stated above assumed that each gene appears at most one
time in each genome, that is there is no duplicate genes in the genomes. Calculating
genome rearrangement distances in the presence of duplicated genes is NP-hard [14}
315165 [17; 15 32]. As a result, sorting the genomes in this particular case also becomes
NP-hard. Chen et al. [I5] described the problem of computing the inversion distance
for sorting genomes with duplicate genes and they gave a greedy heuristics. Shao et

al. [53] studied the edit distance for sorting genomes with duplicate genes and gave
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an approximation algorithm with an approximation ratio of 1.5 + €. Later Shao et
al. [32] studied the similar problem under the DCJ model and using an integer linear
programming (ILP) approach they gave an exact algorithm for computing the DCJ

distance for sorting genomes with duplicate genes. [20; [19; [54].

2.2.7 Gene Order Alignment

The gene order alignment problem is to find an alignment between the two gene
orders that can be interpreted by a minimum number of evolutionary events (rear-
rangements and content-modifying operations). The presence of duplicate genes also
makes this problem NP-Hard [33} [65; 56]. Benzaid et al. [55] introduced their [55]
heuristic DAlign which is a dynamic programming approach for the Duplication-Loss
Alignment of two genomes, is limited to only duplication and loss. Holloway et al.
[33] presented an exact pseudo-boolean linear programming algorithm to search for
the optimal alignment in the presence of duplicate genes but this is also limited to
only duplication-loss model and the running time of this algorithm is exponential
in the worst case. Tremblay-Savard et al. [2] introduced OrthoAlign, a polynomial
time heuristic which considers both content modifying (duplications, losses) and re-
arrangement events (inversion) and their algorithm [2] is faster than the previously
developed algorithms [33; [57].

As these problems are difficult computational tasks and algorithmically NP-Hard,
through a citizen science approach we might have an idea about how the human
brain can solve these problems and this might lead to a solution for solving these

algorithmically hard problems.
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Citizen Science

Citizen science is the process where people are recruited to contribute in a scientific
analysis [58; [59]. It is a collaboration of some scientific research projects with the
public who are recruited to participate. Prestopnik et al. [60] describes it as a
social computing system where human participants and computing technologies work
together to produce some results which is could not be obtained by a single person. A
citizen science approach can be useful when a large amount of data is needed for some
research purpose. This citizen science approach is getting popular day by day among
the researchers. However, there are some challenges remaining such as collecting
quality data, recruiting participants and maintaining a large enough community of
participants.

The concept of citizen science was developed in the 19th Century. Alan irwin
[61] introduced the term citizen science in his work of finding out the significance
of the participation of non expert people in social experiments. It indicated a new

approach to incorporate more people in solving complex scientific problems or solving

18
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social decision making issues. Later this approach was defined as a technique to
collect scientific data to enhance scientific literacy [62]. According to the European
Commission, Green Paper - citizen science is the process of engaging citizens with
scientific research activities where people contribute to scientific research with their
creative ideas and knowledge[63].

Citizen science actually engages people in scientific projects which are difficult to
be done by the scientists themselves and to gather a large amount of data [64]. There
are several types of citizen science projects which include monitoring wildlife [65} [66],
image classification [67; 68; 69], interpreting old records [70; [67], games with a pur-
pose (GWAP) [20; 54 [7T; 22; [1T9] and so on. Based on the participants’ involvement,
the citizen science projects can divided into three categories: contributory (partic-
ipants contributing in data collection), collaborative (citizens have participation in
analyzing data) and co-created (citizens participating in every section of a project)
[62; [67; [70]. Another classification was proposed by Wiggins et al. [59] based on the
objective of the study: action projects (volunteer initiated projects for arising local
concerns) [72], conservation projects (projects on how to manage natural resources)
[73],virtual projects (online based scientific projects) [74] and educational projects
(projects related to educational curriculum ) [75].

Citizen science and crowdsourcing are becoming more and more popular for solving
problems in molecular biology and bioinformatics. Protein structure prediction is such
a problem. If the proteins are not in their native structure, they can not perform their
function properly. Thus proteins fold into their original structure to perform their

functionality. When a polypeptide chain folds into its native 3D structure to become
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a biologically active protein, this event is called as protein folding. Cooper et al. [19]
solved the problem of predicting protein structure by introducing Foldit, a multiplayer
online game which is engaging online players to solve this hard prediction problem.
With Foldit, players work collaboratively to develop new strategies and algorithms.

Multiple sequence alignment (MSA) is the problem of finding an alignment that
maximizes the sum of similarities for all pairs of biological sequences in a pairwise
alignment problem. Kawrykow et al. [20] developed a human computing game named
Phylo which is solving the MSA problem. The main idea of Phylo is to convert the
MSA problem into a color matching game and get the results. In their game they used
DNA sequences which are represented by colored blocks, where one color is assigned
to each of the four possible nucleotides. Then the players need to align the sequences
by moving the blocks around and thus get a score on the resulting alignment. The
target of Phylo here is to find the alignments maximizing matches and minimizing
mismatches and gaps.

Improving the accuracy of RNA alignments is another challenging and NP-Complete
problem [21I]. Waldispiihl et al. [2I] introduced the human computing game Ribo
which aims at improving the accuracy of the alignment of RNA sequences consider-
ing structural information.

(Citizen science game can also help us in gathering quality data which was discussed
by Loguercio et al. [76] in their citizen science game Dizeez. Dizeez is an online quiz
game built with the purpose of structuring knowledge of gene-disease associations
[76].

Other crowdsourcing platforms like Eyewire [77], Open Phylo [54], Galaxy Zoo
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[71], EteRNA [22] are also solving different scientific problems and these are good

examples of how citizen science approaches can help solving difficult computational

problems.
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Effect of Timer, Top Score and
Leaderboard on Performance and

Motivation in a Citizen Science Game

4.1 Abstract

The development of citizen science games requires the implementation of differ-
ent game mechanics to make them challenging, interesting and motivating. These
mechanics are often borrowed from commercial video games, but their outcome on
the quality of solutions obtained and player motivation are not fully understood. We
analyze the effect of showing a timer, an achievable (top) score and a live leaderboard
on players’ scores, puzzle completion time and motivation using different versions of a
citizen science game. We show that presenting a top score on a puzzle results in bet-

ter solutions, but at the expense of completion time, whereas the presence of a timer

22



Chapter 4: Effect of Timer, Top Score and Leaderboard on Performance and
Motivation in a Citizen Science Game 23

has the opposite outcome. As for the live leaderboard, we have observed an almost
significant interaction effect with the timer. This work offers guidance for citizen
science game developers about what to expect from these different game mechanics,

and how they can promote certain player behaviors.

4.2 Introduction

Human computing (process of recruiting humans to help solve problems that are
complex for computers), citizen science (recruitment of the general public to help
collect and analyze scientific data) and crowdsourcing (practice of obtaining infor-
mation from a large crowd of people, typically online) have developed rapidly in the
last decade. Those practices are now being considered as valid options to solve var-
ious types of problems which can benefit from human abilities. Platforms such as
Amazon Mechanical Turk [78] or Microworkers [79] have been created for the distri-
bution of crowdsourcing tasks, where the tasks are completed by human “workers”
in exchange of a monetary compensation. There is also an increasingly high num-
ber of human computing, citizen science and crowdsourcing games being deployed,
which aim to solve problems from many differents areas, such as molecular biol-
ogy [19; 20; 80], health [81], ecology [82; 83|, neuroscience [84], astronomy [85} 86,
quantum physics [87] and deep learning [88]. Participants playing these games gen-
erally do it for free, which can be an advantage for requesters who need to distribute
a large amount of human-intelligence tasks. However, there is a major trade-off: the
game needs to be interesting and motivating enough to attract and retain a large

enough player-base, and finding the right balance between accurate data collection
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and a fun gaming experience is an extremely difficult task [26].

One way to make human computing and citizen science games more captivating is
for them to emulate commercial video games by incorporating several game mechan-
ics, such as scoring systems, timers and leaderboards. However, it is not clear how
efficient these game features are at motivating the players and if they can potentially
interfere with the quality of the solutions produced. Research in human computing,
citizen science and crowdsourcing games is now focusing more and more on the anal-
ysis of game features and game mechanics [25; 26; 27; 28; 29]. The objective is to
learn more about which game mechanics work well in the context of these games with
a purpose, and how to implement them successfully.

In this paper, we present a study of three game mechanics in the context of
a citizen science game in genomics: a timer (setting a time limit on a puzzle), a
top score (representing a score that is achievable), and a live leaderboard (points
are rewarded for completing puzzles, and the player’s progress is shown on the live
leaderboard). The citizen science game asks players to transform one sequence of
tokens (genes in this context) into another by applying a series of possible operations
(inversions, duplications and deletions). The goal of the game is to find the shortest
sequence of operations that can transform the sequence into the other.

Using different versions of the same citizen science game, we evaluate the effect
of showing a timer, a top score and a live leaderboard on the players’ scores, puzzle
completion time and motivation. More specifically, we study how all these mechanics
interact together by testing all the possible combinations of them being present or

not. Moreover, we design a points system, which is linked to the live leaderboard,
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that is different depending on the presence of the other game mechanics (top score or
timer). When the top score is present, the points system rewards players for reaching
or beating the top score, and when the timer is present, extra points are given for
each remaining second on the timer after completing the puzzle. We evaluate if the
implementation of different point systems for the leaderboard somehow increases the

effect of the other two mechanics.

4.3 Related Work

Several recent studies have been devoted to the analysis of game mechanics in
human computing games. Siu et al. [25] have investigated competitive and collabo-
rative scoring mechanisms in a human computing game and found that competitive
scoring is better at engaging players than collaborative scoring, while yielding results
that are just as accurate. Siu and Riedl [26] have observed that offering a choice of
rewards to players improves task completion and player experience. Another study
on a Super Mario Bros based human computing game has shown that players in
the collaborative multiplayer version produced better solutions than players in the
competitive multiplayer version, although the latter was found to be more challeng-
ing [27]. Tremblay-Savard et al. [29] have studied how a market system can be used in
a collaborative human computing game to promote cooperation, and how a skill and
a challenge system can guide players into accomplishing actions that are beneficial to
the collaborative system.

To the best of our knowledge, only Phylo [20] and FoldIt [30] have implemented

a game mechanic that gives the player some idea of what an achievable score (or



Chapter 4: Effect of Timer, Top Score and Leaderboard on Performance and
Motivation in a Citizen Science Game 26

number of moves) can be on any given level. In Phylo, players have to produce an
alignment of sequences that is at least as good as a machine-computed alignment to
proceed to the next level. This score that must be attained is called the “par” [20]
and it is guaranteed to be achievable. However, the “par” score is not always a good
representation of the best score that can be obtained by a player, which results in
some puzzles being harder than others simply because they offer a “lower possiblility of
improvement” [89]. The current version of Phylo also shows the top score [90], which
corresponds to the best score achieved by a player on any specific level, although
the authors have not studied the effect of presenting it to the players. Foldlt ran
an online experiment on a three-star system for their tutorial levels [30]. Instead of
being linked to the score of a folded protein, the star system was linked to the total
number of moves used by the players to complete each level. Players would get three
stars if they completed the level using an “ideal” number of moves, and lost stars
for using additional moves. The authors found that the three-star system resulted
in players taking more time per move, producing solutions with fewer moves and
retrying the levels more often. However, they did not observe any significant benefit
on the retention of players.

Timers are often used in cooperative human computing games, such as the ESP
game [91], Peekaboom [02], TagATune [93] and Ask’'nSeek [94], to assure that both
cooperating players complete the levels in a reasonable time. Timers have also been
used in the context of collaborative leisure, such as the Story Mashup game [95; [96],
to make sure that “players cannot stall the game dynamics” [96]. In single-player

human computing games, timers are used mostly as an attempt to make them more
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interesting and challenging. For example, a timer was initially integrated in the first
version of Phylo as one of the mechanisms designed to “increase the entertaining value
of the game” [20], although it has been retired from the current online version [90].
Lomas et al. [97] have studied the effect of giving players different time limits to com-
plete levels in an online Battleship-style game where players must estimate numbers
on a number line to sink enemy ships. They observed that giving more time to the
players increased success (i.e. accurate estimates) and engagement (measured as a
combination of time spent in the game and number of levels attempted), but noted
that the online nature of the experiment did not allow to gain much qualitative insight
into why the players responded in this manner. Denisova and Cairns [98] explored
the effect of dynamic difficulty adjustment on player experience and performance by
manipulating the speed of a timer to make a shooting game more or less challenging
depending on player performance. They observed that players in the dynamically-
adjusted timer condition felt more immersed in the game and obtained scores that
were less variable than the players in the control condition with a normal timer.
Leaderboards are one of the most common features of human computing games,
as they are often used as a gamification technique to stimulate the more competitive
participants and encourage them to perform better and eventually get to the top of the
leaderboard [99; 100} [10T]. Several studies have shown that different personality types
(extroverted vs introverted for example) respond differently to leaderboards and have
called for more carefully designed and personalized leaderboards [102; [103; 99]. Bowey
et al. [104] have shown that manipulating a leaderboard to simulate success increases

the player’s perception of competence, autonomy, presence, enjoyment and positive
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C’ Thomas 1055
0 William 930
9 Ryan 820
4 Drew 750
5 John 660
6 Cooper 545
7 Mike 434
8 Roger 340
9 Anjum 290

Figure 4.1: The game interface for the timer, top score and leaderboard condition.
The interface can be separated into three panels: panel A (green box) is the live
leaderboard, panel B (red box) is the player information panel, and panel C (yellow
box) is the game panel.

affect. The authors have also noted that it would be interesting to see if it would be
even more effective to display a leaderboard in real-time, instead of only presenting
the leaderboard at the end of the game [104]. While in most human computing
games the leaderboards are only accessible in a menu or shown after completing a
level [105; 295 19; [106; 84} 87; 107 02 [10§], there are relatively few examples of live
leaderboards, or in other words, leaderboards that are continuously present on the

screen (TagATune being one of them [93]).
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4.4 System overview

4.4.1 Description of the citizen science game

The citizen science game that was used in this study is a puzzle game that was
designed in our lab to solve a difficult problem in genomics: finding the shortest
sequence of operations that can transform one ordered sequence of genes into another.
The game is intended to be accessible to casual players. As such, the sequences of
genes are simply represented as sequences of colored shapes (see Figure . We used
six distinct shapes and three different colors (safe for color blindness) to represent the
different genes in the sequences.

The goal of the game is to find the minimum number of operations that can
transform the mutable sequence of colored shapes into the target sequence. Each
move (1.e. operation) applied by the player increases the score by 1, and similarly to
golf, the objective is to complete each puzzle with the minimum score.

The operations that are available to the players correspond to biologically relevant
evolutionary events: duplications (copying selected colored shapes to another loca-
tion), deletions (removing the selected colored shapes) and inversions (inverting the
order of the selected colored shapes). There is an additional constraint on inversions
events, which is motivated by biology: the inversions must occur around a "pivot" in
the sequence of genes, represented as a black dot near the center of the sequence (this
corresponds to the terminus of replication in bacterial genomes). In other words, this
means that inversion operations must be applied to a selection of colored shapes that

includes the black dot to be valid.
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4.4.2 Implementation of the three game mechanics
Timer:

To assure that a reasonable time limit was set for each level, three lab members
with varying degrees of experience with the game played all the levels of all datasets
(see section for a description of the datasets), and the average completion time
was calculated for each level. The time limit on each level was set to the average time
to which 45 to 90 seconds were added, depending on the level’s difficulty (i.e. +45s
for levels 1-2, +60s for levels 3-4, + 75s for level 5 and +90s for level 6). The timer
starts counting down as soon as the level is loaded and if it is incomplete when all

the time has expired, the participant is prompted to restart the level.

Top score:

The top score aims to represent the lowest score achieved by a player on the level.
In this study, we set the top score to the number of events that were simulated to
produce each level to which we added 1 (see section for a description of the
datasets). This was done to simulate a real top score, which would not necessarily be

optimal, which leaves some room for the players to improve.

Leaderboard:

The leaderboard was populated with 9 simulated players in addition to the cur-
rent player. Points were assigned to the simulated players in such a way that each
real participant could potentially reach the top of the leaderboard during each game

session. The point system for the leaderboard assigns 50 points for completing a
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level, and additional points depending on the presence/absence of the timer and the
top score. Table presents the distribution of points for each of the possible game

conditions.

Table 4.1: Distribution of points for each condition when the leaderboard is present.
"T" represents timer and "T'S’” represents top score, and time represents the remaining
time in seconds.

Conditions Calculation of points
T:OFF |, TS:OFF 50
T:ON , TS:OFF 50 + 1 x time
T:OFF , TS:ON 50 + max{50 x (TS - score + 1), 0}

T:ON , TS:ON 50 + 1 x time + max{50 x (TS - score + 1), 0}

4.4.3 Game interface

The game was built in Unity 3D using C#. As shown in Figure [4.1] the game
interface can be divided into three parts: the live leaderboard (A), the player infor-

mation panel (B) and the game panel (C).

A: Leaderboard

This panel contains a live leaderboard showing the standings of the players according
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to their points. After completing each level, the players are rewarded with points
and their ranking is updated. The top three positions have a gold, silver and bronze
medal associated with them (similarly to the colors that were used in [104]) and the

current position of the player is highlighted in light blue.

B: Player information panel

There are five components in the player information panel. On the left-hand side,
there is a pause button. Upon clicking on the pause button, a pause menu will show
up and from there the player can go to main menu, restart the level or resume the
game. The current level number is displayed next to the pause button. The timer
appears in the center. On the right-hand side of the screen, the current score (num-

ber of moves played on the level) and top score (under the "best" label) are displayed.

C: Game panel

In the game panel, the puzzle is shown at the top: the first row is the target sequence
(not modifiable) and the second row is the mutable sequence. The players need to
transform the mutable sequence to the target sequence by performing any of the three
operations, which can be applied by first selecting colored shapes and clicking on one
of the buttons shown below: dup (duplication), del (deletion), inv (inversion). Once
the two rows of sequences are matched completely, the "Level completed" panel will
appear and will prompt the players either to go to the next level or restart the current

level to achieve a better score.
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4.5 Research Questions

Considering the two main dependent variables, which are the score obtained by a
player and the completion time for each level (puzzle), and the player motivation (as

determined by qualitative analysis), we aim to answer these research questions:

RQ1: What is the effect of setting a time-limit for each puzzle, using a timer?

RQ2: What is the effect of showing the top score?

RQ3: What is the effect of showing the live leaderboard coupled with a context-

dependent point system?

RQ4: How will these three different game mechanics (timer, top score and live

leaderboard + point system) interact together?

4.6 Experiments

4.6.1 Experimental Design

We used a 2x3 mixed factorial design where we have two within-subjects factors
(top score, leaderboard) and one between-subject factor (timer) which can all be
either on or off. The timer was chosen to be a between-subject factor to avoid a
potentially pervasive effect where players being introduced to a timer would think

that they always need to complete levels as quickly as possible, even when it is not
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there anymore. The dependent variables are the score obtained and the time required
to complete each level.

24 participants were recruited and divided into two groups of 12 (one group with
the timer present all the time, and the other without). After reading and signing the
consent form, the players were asked to complete a short demographic questionnaire
(with questions on age, gender, average game time per week, etc.).

Within each group of 12, the participants played all the different combinations
(on/off) of the top score and live leaderboard. This resulted in four different condi-

tions in total, which are presented below:
1. Top score on, leaderboard on.
2. Top score on, leaderboard off.
3. Top score off, leaderboard on.
4. Top score off, leaderboard off.

Each participant was playing the game for the first time, and completed an in-
game tutorial before starting the experiment, which consisted of four game sessions
(one for each condition). Each game session contained six different levels of increas-
ing difficulty (see how the four distinct datasets of six levels were generated in the
next subsection), with the first level being a training level allowing the players to get
accustomed to the new game condition. The four conditions were played in different
orders by the participants, following a Latin-square, to avoid sequence effects. More-
over, the four datasets were shuffled between participants to assure that the same

dataset is not always associated with the same game condition.



Chapter 4: Effect of Timer, Top Score and Leaderboard on Performance and
Motivation in a Citizen Science Game 35

After playing each condition, a short interview was conducted to get their opinion
on the last game condition played. A longer interview was conducted at the very end
of the experiment to get the player’s overall opinion on the game and to ask which
condition they found more engaging and fun. Players’ performance in the game (time
to complete a level and scores) was also recorded for all the players, for each level of

each condition.

4.6.2 Generation of the datasets

We used synthetic datasets for this experiment, created using a level generator
which simply creates an original sequence (the target) and modifies it by applying
random events to obtain the mutable sequence. We created four distinct datasets (one
for each game condition) consisting of 6 levels of increasing difficulty. To increase the
difficulty, we generated longer sequences of colored shapes and simulated more events
between the target and the mutable sequence. Each corresponding level in each of
the four datasets were simulated using the same parameters, to assure a similar level
of difficulty between datasets. We verified the differences between the datasets using
an ANOVA and found no significant difference in scores and completion time between

them.

4.6.3 Participant demographics

Out of the 24 participants, 16 were male and 8 were female. The average age was
25.8 and the average video gaming time was 5.7 hours/week. All the participants

were university students and most of them were at the undergraduate level.
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4.7 Results

4.7.1 Quantitative analysis

A mixed factorial ANOVA was conducted to check for main effects of the timer,
the top score and the leaderboard on players’ score and time to complete each level.
We first present the results on the score dependent variable, and then the results for

the completion time dependent variable.

Analysis on dependent variable: Score

The descriptive results for the score obtained on a level is shown in Table[4.9] and
represented graphically in Figure [£.2] Recall that in this game the goal is to keep
the score minimum, so lower scores correspond to better performance. Significant
differences in mean scores between timer on and off (as determined by simple effects
of timer from table are shown in bold. Mean scores are always lower when
the timer is off, with the lowest mean obtained in the first condition (top score and
leaderboard both on). This can be explained by the fact that the top score gives
players an idea of what an achivable score can be, and the combination of the point
system with the leaderboard further encourages players to achieve a low score.

The highest mean score (7.47) occurred in the third condition, with the timer,
when the top score is off but the leaderboard is on. This can be explained by the
presence of the timer which was playing a role in the points calculation. Players
trying to complete the level faster to get more points, coupled with the absence of the

top score in this condition, probably encouraged the players to complete the levels as
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quickly as possible without too much consideration for the score.

The presence of the timer and the absence of the top score seem to result in a
greater variability in the scores obtained, as reflected by the higher standard devia-
tions. There tends to be less variability in the scores when the timer is off and the
top score is shown.

The mixed factorial ANOVA results for the main effects of the timer, the top
score and the leaderboard, and their main interaction effects are shown in Table [4.3]
The main effect for the timer yielded an F ratio of F = 5.121, p<.05, indicating a
significant difference on the players’ scores between showing a timer and not showing
it. The main effect of the top score is also significant with an F ratio of F = 4.843,
p<.05. For the leaderboard, we did not get a significant main effect on the score
dependent variable. Interestingly, we observed an almost significant interaction effect

of the leaderboard with the timer with an F ratio of F = 3.27, p = .07. We did not

Table 4.2: Descriptive results for score for all four conditions of two groups (Timer:ON
and Timer :OFF) shown as mean (SD). "TS’ corresponds to top score and 'LB’ cor-
responds to leaderboard.

Conditions Timer:ON Timer:OFF
1) TS:ON , LB:ON 7.07(3.209) 5.77(1.934)
2) TS:ON , LB:OFF 6.73(2.761) 6.20(1.920)
3) TS:OFF , LB:ON 7.47(3.582) 6.15(2.791)

4) TS:OFF , LB:OFF 7.17(3.206) 6.45(3.159)
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Figure 4.2: Mean scores and standard deviations according to the presence of all three
independent variables (timer, top score and leaderboard).

find any other interaction effect.

Table [4.4] shows the simple effects of the timer with all four combinations of the

other two within-subject factors. We can see that there is a significant simple effect

of timer when both the top score and leaderboard is on (F = 7.221, p <.05) and also

when the top score is off and the leaderboard is on (F = 5.044, p<.05). These simple

effects, and by the same token the interaction between the timer and the leaderboard,
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Table 4.3: Mixed factorial ANOVA results for the score dependent variable. The main
effects of the timer (between-subject factor) , the top score (within-subject factor)
and the leaderboard (within-subject factor), and their main interaction effects are
shown. Significant codes (Sphericity assumed): p<.05 "*.

Factors F (1,118) p value
Timer (Between) 5.121 .025 *
Top score (Within) 4.843 .03 *
Leaderboard (Within) .08 .895
Top score * Timer .90 765
Leaderboard * Timer 3.27 07
Top score * Leaderboard .021 .886
Top score * Leaderboard * Timer .058 811

are clearly observable in Figure4.3], as reflected by the larger differences in mean score
between the timer on or off when the leaderboard is on. This tends to indicate that
on one hand, players are effectively encouraged by the point system and leaderboard
to complete the levels faster in the timer condition, which comes at the expense of
their score on the levels, and on the other hand, they are encouraged to focus entirely

on their score when the timer is not present.



Chapter 4: Effect of Timer, Top Score and Leaderboard on Performance and
Motivation in a Citizen Science Game 40

Table 4.4: Simple effects of Timer with all four combinations of the other two factors
(top score (TS) and leaderboard (LB)) shown. Significant codes : p<.05 . and dv
= score.

Conditions Conditions of F (1,118) p value
Timer

TS:ON, LB:ON ON/OFF 7.221 .008*

TS:ON, LB:OFF ON/OFF 1.509 222

TS:OFF, LB:ON ON/OFF 5.044 .027*

TS:OFF, LB:OFF ON/OFF 1.521 .220

Table 4.5: Descriptive results for mean completion time (SD), for all four conditions
of two groups (Timer:ON and Timer :OFF). 'T'S’ corresponds to top score and 'LB’
corresponds to leaderboard.

Conditions Timer:ON Timer:OFF

1) TS:ON , LB:ON 66.69(34.22)  104.46(57.85)

2) TS:ON , LB:OFF 71.38(34.16)  112.41(51.67)

3) TS:OFF |, LB:ON 65.66(32.72) 95.05(68.23)

4) TS:OFF , LB:OFF  66.74(27.06) 95.22(65.94)

Analysis on dependent variable: Time
The descriptive results for the level completion time is shown in Table and

also represented graphically in Figure [£.4] Significant differences between mean com-
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Figure 4.3: Interaction plot for the score dependent variable. Red line represents
timer on, and blue line represents timer off. All four combinations of the two within-
subject factors (top score (TS) and leaderboard (LB)) are shown on the x axis.

pletion times (as determined by simple effects of timer from table are shown in
bold. This clearly indicates that with the presence of the timer, the average com-
pletion times were significantly lower than without the timer. The variability of the
completion times is also much higher when the timer is absent, as demonstrated by
the standard deviations which are approximately twice as large compared with the
ones of the timer condition.

Mean completion times are similar between all four possible conditions when the
timer is present. However, the completions times are significantly higher when the
top score is on and the timer is off, which indicates that players are taking more time
in those conditions as they try to reach or beat the top score.

The mixed factorial ANOVA results for the main effects of the timer, the top score
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Figure 4.4: Mean level completion times (in seconds) and standard deviations accord-
ing to the presence of all three conditions (timer, top score and leaderboard).

and the leaderboard, and their main interaction effect on mean level completion time
is shown in Table[d.7] The main effect for the timer yielded an F ratio of F = 28.622,
p<.05, indicating a significant difference between showing a timer and not showing
it. The main effect of the top score is also significant with an F ratio of F = 5.869,
p<.05. Similarly to the previous analysis for the score dependent variable, we did

not obtain a significant main effect of the leaderboard on the level completion time.

Top Score
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Table 4.6: Simple effects of Timer with all four combinations of the other two factors
(top score and leaderboard) shown. Significant codes : p<.05 "*’. Here dv = time.

Conditions Conditions of F (1,118) p value
Timer

TS:ON, LB:ON ON/OFF 18.948 .000*

TS:ON, LB:OFF ON/OFF 26.319 .000*

TS:OFF, LB:ON ON/OFF 9.046 .003*

TS:OFF, LB:OFF ON/OFF 9.579 .002%*

We did not find any significant interaction effect between the different independent
variables, which can also be observed in the interaction plot of Figure [4.5]

Table [4.6| describes the simple effects of the timer with all four combinations of the
other two within subject factors. This result shows a significant simple effect (p<.05)
of timer for all the four conditions of the top score and the leaderboard. Clearly, the

level completion time is greatly influenced by the presence or absence of the timer.

Restart times We also looked into the restart times of the participants. We have
found a significant effect on restart times between the two groups of the participants
(92 times for Timer:ON and 19 times for Timer:OFF). There was no significant effect

among the within factor conditions for restart times.
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Table 4.7: Mixed factorial ANOVA results for the level completion time dependent
variable. The main effects of timer (between-subject factor), top score (within-
subject factor) and leaderboard (within-subject factor), and their interaction effects
are shown. Significant codes (Sphericity assumed): p<.05 ™.

Factors F (1,118) p value
Timer (Between) 28.622 .000 *
Top score (Within) 5.869 .017 *
Leaderboard (Within) 1.075 302
Top score * Timer 2.481 118
Leaderboard * Timer 031 861
Top score * Leaderboard 483 488
Top score * Leaderboard .064 .800
* Timer

4.7.2 Qualitative analysis

As mentioned earlier, each of the 24 participants was interviewed after each of
their game session. In the interview sessions after each specific game session, the

participants were asked:

e "What was the most interesting/fun part of your last game session?"
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Figure 4.5: Interaction plot for the level completion time dependent variable. All
four combinations of the two within-subject factors (top score (T'S) and leaderboard
(LB)) are shown on the x axis.

e "What was the most challenging part in your last game session? Why it was

challenging?"
e "Was there something that you disliked about the last session?"

A longer interview was conducted at the end of experiment. During this final
interview, participants were asked to compare the different game sessions, and were
asked what they liked and disliked about each of the three game mechanics in the
context of this game and in other games in general.

The following sections describe the different comments and views of the partici-

pants for each of the three game mechanics.
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Top score:

Most participants mentioned that they were paying attention to the top score,

and it forced them to think more about their moves.

"I paid more attention to the top score." (P6,P13,P17,P19)

"Top score has an effect; it forced me to think more." (P1,P2,P6,P23)

Most participants mentioned that seeing the top score made the game more chal-
lenging.

"The most challenging part was to beat the top score.”" (P1,P2,
P3,P5,P14,P15,P17,P20,P2]).

However, some players noted that they appreciated seeing it, because it gave them
some directions and allowed them to know how well they were performing.

"The top score is challenging, but there are some directions.” (P3)

"The top score is interesting, because you know the optimal solution." (P9,P13)

Some participants didn’t appreciate losing the top score after playing a session
p p PP g p

where it was present.

"I missed the top score.” (P15).

"I disliked not seeing the best possible score.” (P19)

When we asked the participants about their general appreciation of top scores
in other games, they mentioned both the positive and negative sides of it. On one

hand, the majority of participants mentioned that seeing the top score makes the

game more addictive, more challenging and more enjoyable.

"Any person would be addicted to try and beat the top score.” (P24)
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On the other hand, some players mentioned that it might cause some frustration
too.

"In any game with the top score, you know there is always somebody who can do
crazy things, which most people can’t do." (P3)

"Up to some point it’s okay if you can beat it, otherwise it’s frustrating.” (P14)

Participant 24, who mentioned how addictive the top score can be, also mentioned:

"[ feel frustrated when I can’t reach the top score” (P24)

Leaderboard:

The participants enjoyed seeing the live leaderboard, and they mentioned it as
their favorite game feature several times.
"Seeing the position, how you rank among people, the reward system is interest-
ing." (P3,P4,P5 P7,P12,P14,P17,P20)
"[ like to see my name going higher in the leaderboard.” (P15,P21)
Some participants mentioned that climbing up in the leaderboard was challenging
and motivating at the same time.
"The most challenging part was to climb up in the leaderboard."” (P1)
"You try to do better to go to higher rank." (P3)
"[ think I tried harder when the leaderboard was on." (P20)
A few participants didn’t like the leaderboard, or didn’t even pay attention to it.

"I didn’t like the leaderboard.” (P13)

"I didn’t pay attention to the leaderboard"” (P6)
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Without the leaderboard the participants were unable to see their progress. When
they were playing the game session without the leaderboard some mentioned that it

felt like it was less interesting.

"No motivation because no leaderboard, no progress.” (P4)

"I was trying to improve but I couldn’t compare with others now" (P10)

But a few participants thought that there is no need of having a live leaderboard
which you can see all the time. In some cases, it might even be distracting.

"It’s good but you don’t need it there all the time. " (P6)

"It disrupted my concentration.” (P23)

Timer:

Participants who played with the presence of the timer felt challenged to com-
plete the level within a given time limit and to avoid a force restart. It kept their
completion time low, but at the expense of a higher number of moves as we've seen
previously. Especially in the game session where there were both the top score and

the leaderboard, it became more challenging for them.

"The top score and the timer was the most challenging part in my last game session
(Which was with the timer, the top score and the leaderboard). (P2) "

"keeping pace with time left is hard, it actually requires time to think." (P4,P1/)

We have seen in the interviews that some people appreciated the added challenge
of the timer.

"Timer is good, its adds more challenge, makes it more interesting."(P16)

"It keeps you more focused." (P18)
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"It’s good, stressful in a good way." (PG6)

"It’s good, because you are thinking of different strategies in a short amount of
time and without it I would get bored." (P24)

On the other side, we also have found some participants who did not like the
timer. Some mentioned that the timer was adding extra pressure and forced them to

restart the levels when they could not complete within the given time.

"I didn’t like the timer, it added pressure.” (P2, P12)
Some players pointed out that for them, a puzzle game is supposed to be relaxing,

and the timer is creating the opposite effect.

"I like the idea of giving a time limit, but for a relaxation game you actually don’t
need a timer." (P/)

"I don’t like a timer for puzzle game because it is meant for relaxation.” (P20)

Favorite game session

All of the participants were asked "Out of the four game sessions which one was
your favorite?" The results are presented in the pie chart of Figure [£.6 Recall that
players were assigned to either the timer or no timer group, so they could only choose
between the presence or absence of top scores and leaderboards. 46% of the partici-
pants preferred to have the conditions both with the leaderboard and the top score,
followed by 31% for the top score without leaderboard and 23% for only the leader-
board. None of the participants voted for the version which was without the top
score and the leaderboard. In other words, the majority of participants (46% + 31%

= T7%) preferred to see the top score, either with or without the leaderboard.
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Figure 4.6: Conditions preferred by the participants

4.8 Discussion

We have shown that both the timer and the top score had significant main effects
on the two dependent variables (score and completion time for each level).

The timer was making players complete the levels faster (although they had to
restart the levels more often), but at the same time the scores obtained were worse
on average. From a human computing point of view, the advantage of collecting
results faster is mitigated by the poorer quality of the solutions produced. From our
qualitative analysis, we obtained mixed opinions about having a timer or not having
it. In some cases, we have seen that the timer can make a human computing game
more engaging and challenging, which can promote player motivation and ultimately
retention. However, others might want to play these puzzle games as a way to relax

and the timer is clearly having the opposite effect of "adding pressure". Our results
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suggest that timers should be used with caution in single-player citizen science games
that require solving puzzles. A reasonable option could be to make timers optional, or
having different games modes (one with a timer, another without) and let the players
choose.

The effect of the top score on player performance was the complete opposite. The
top score was effective at forcing the players to produce the best possible solution,
but this came at the expense of the completion time. The qualitative analysis showed
that the top score makes the game more challenging and enjoyable in most cases. It
is effective at giving the players an idea of what an achievable score can be. As such,
players make a better effort of finding the best moves. The only downside of the top
score, which has been mentioned in the interviews, is the feeling of frustration that
comes with the inability to reach or beat the top score. It is interesting to note that all
of our top score were actually beatable by design, and it still created some frustration
for the participants. One could imagine that in a real online game environment,
where the top score represents the best score achieved by a player, this feature could
potentially be even more frustrating if the top score becomes unbeatable (once the
optimal solution is found). One solution for this would probably be to retire the
puzzles that have reached "optimality" from the game (for example, after a puzzle
hasn’t been improved in some time, it should be retired). Overall, the top score
was shown to be the favorite and most motivating feature of the participants, and it
helped in collecting better solutions at the same time.

Although from our quantitative research we are observing that the leaderboard

does not have a significant main effect, if we look at our qualitative analysis we can
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also see that most of the participants enjoyed the presence of the leaderboard. They
also mentioned the leaderboard as a source of motivation. However, for a puzzle game,
a live leaderboard may work as a distraction too and some participants mentioned
that it is not always necessary. Yet our dummy leaderboard does not reflect the wide
range of possibilities of having a leaderboard in a citizen game, as will be discussed
in the next section.

Interestingly, we did not observe significant interactions between the different me-
chanics, only an almost significant interaction between the timer and the leaderboard,

reinforced by the point system.

4.9 Limitations

One of the limitations of this study is that we have used a dummy leaderboard
with 9 simulated player scores. This leaderboard does not represent a real online game
context, in which the top players would be unreachable. Also, since each experiment
was completed in a lab environment in roughly 45 minutes, it is difficult to reproduce
and analyze the benefits that a leaderboard could have on a long term experiment.
Perhaps connecting the leaderboard with social media so that the players can play
with their real friends could be more effective too.

Secondly, we did not test different locations for the game features on the screen.
Locations of the game features help the players to focus on a particular point which
could make a difference on their performance. A player mentioned for example that
the leaderboard was distracting, so maybe it was taking too much space on the screen.

A future study could investigate the proper sizes and locations for showing the leader-
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board, the timer and the top score.

Thirdly, for the timer we only tried with a fixed time limit for every participants.
We might get different results if we used many different versions of the time limit (in
one version we could use a shorter time limit, where in the other version we could try

by giving the players a longer time limit).

4.10 Conclusion

The goal of this study was to study the effect of different game mechanics (the
timer, the top score and the leaderboard) on players performance and motivation
in a human computing game. We chose these three mechanics because these are
the most common features of many human computing games. From our results we
observed that the timer and the top score had significant effects on completion time
and scores. The top score results in better solutions, but at the expense of the
completion time, and the timer has the opposite outcome. The leaderboard wasn’t
significantly affecting the scores and completion time, but we did observe an almost
significant interaction effect with the timer on the score (the scores being worst when
the timer and leaderboard are present). Qualitative results have shown that showing

a top score was the most appreciated and motivating feature.
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4.11 Supplementary Materials

4.11.1 Anova Result on Datasets

As each of our participants played four conditions, so we had different datasets for
each of the conditions. The difficult level of these datasets were equal. To test these,

we have conducted an anova analysis which is shown in table 1 and table 2. We can

Factors F value p value

Datasets (A,B,C,D)  0.292 0.831

Table 4.8: Results from Anova on Datasets: p<.05 "*’. dv = score.

see from the results that, these datasets (A,B,C,D) have no significant effects over

the dependent variables score and time. So we can say these datasets are of equal

difficulty.

Factors F value p value

Datasets (A,B,C,D)  0.063 0.979

Table 4.9: Results from Anova on Datasets: p<.05 "*’. dv = time.



Chapter 4: Effect of Timer, Top Score and Leaderboard on Performance and
Motivation in a Citizen Science Game 55

4.11.2 Normalized Difference with top score

Figure describes the normalized difference of score (difference of score between
the player’s score and the top score for each level / the top score for each level). Clearly
the condition with the top score on, the leaderboard on and the timer off wins here.
And this difference is always lower when the top score is on and the timer is off. Again
with the presence of the timer this difference is going higher because the players tried
to finish their level first to avoid a force restart in the expense of a higher number of

operations.
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Figure 4.7: Mean normalized scores (normalized difference between the top score
and player’s score) and standard deviations according to the presence of all three
independent variables (timer, topscore and leaderboard).
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4.11.3 Normalized Difference with Target Time

Similar like Figure (.7 Figure describes the normalized difference of time
(difference of time between the player’s completion time and the target time for each
level / the target time for each level). As we had two groups (one group played with
the timer, another group played without the timer), the participants who played with
the timer were faster than the other group who played without the timer. And the
time difference is always higher in the absence of the top score. Because the players
were thinking of getting the optimal solution when the top score is there and resulted
in a higher completion time. From Figure [4.8] we are also seeing, the error is bar is
higher when the timer is off. This is because, when the timer is off, participants who

were good took less time than the other for thinking about the minimal moves.

4.11.4 Timer x Leaderboard x Score interaction on Score

The interaction graph of Timer x top score x Leaderboard on dependent variable
Score is shown in Figure [4.9]

For the timer, we can see from the graph that the score is always higher when the
timer is on. But when the timer is off, it’s going lower. Again the score is always
lower when the top score is on. But the most interesting thing we can see, the score is
going lower even when the leaderboard is on and the timer is off but it’s going higher
when the timer is on and the leaderboard is on. The reason is, in this condition the
points for the leaderboard was calculated based on top score and target time. So the
players tried to maintain both the score and time when the leaderboard, the top score

and the timer all are on. And this resulted in the score going a bit higher. Thus we
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Figure 4.8: Mean normalized time (normalized difference between the target time
and player’s completion time) and standard deviations according to the presence of

all three independent variables (timer, topscore and leaderboard).

can observe at a certain degree some effect of the leaderboard (and point system).

4.11.5 Timer x Leaderboard x Score interaction on Time

The interaction graph of Timer X top score x Leaderboard on dependent variable

Time is shown in figure 4. There is clearly a visible effect of the timer on time. The

participants with the timer, took much less time than the participants without the

timer. When the top score is on, the participants were taking a bit more time then

when the top score is off. A reason for that is the participants were thinking a bit
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Figure 4.9: Interaction graph of Timer x Leaderboard x Score where dv=Score

more when trying to reach the top score. Here again, we can see a slight effect of the
leaderboard (and point system). As time was a factor to calculate the points for the
participants who played with the timer, so when the leaderboard is on, the time is

decreasing even when the top score is on.
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Figure 4.10: Interaction graph of Timer x Leaderboard x Score where dv=Time

4.11.6 Who are good players?

From our questionnaires, we collected the information about how many hours per
week the participants are spending time in playing video games, how they evaluate
their strength in puzzle solving games etc. These data along with the quantitative

results we have obtained from them are showing that participants who are playing
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video games more hours in a week tended to perform better in this game. The average
total score of those who play games more than 10 hours/week was 117.25, whereas for
those who play less than 10 hours/week it was 135.6. Figure is showing how this
game time is affecting their score with a correlation value r = -0.67. This regression
model with r? = 0.45 shows us 45% of the variation in score can be explained by a
linear relationship with the the players game time (hours/week). And comparing to
the r value what was described in [29] we can say score has a moderate correlation

with game time of participants.
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Figure 4.11: Correlation of game time (hours/week) vs. Score

Then we tried to find the correlation between the score of the players and their

puzzle solving skill. Figure 6 shows us that there is also a moderate correlation with
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ar? =047 (r = -0.69) between the self evaluation of the puzzle solving skills of the
players and the score.

We also tried to find out the correlation in age vs. score, age vs. time, number
of hours /week vs. time, puzzle solving skill vs. completion time but we did not find

any strong correlation in them.

Puzzle Solving Skill vs.Score

y =-0.04x + 7.5147
R2 = 0.4764

Puzzle Solving Skill

100 110 120 130 140 150 160 170 180

Score

Figure 4.12: Correlation of Puzzle Solving Skill vs. Score
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(GeSort: A citizen science approach

for sorting genomes

5.1 Genome Sorting Problem

In the last decades the genome sorting problem has received a lot of attention
from the comparative genomics community. Given two genomes (represented by gene
orders), the goal is to find the shortest sequence of biological events to transform one
genome into the other. When both genomes have exactly one copy of each gene, the
problem is simpler. For example, in this context (one copy of each gene), sorting
genomes by reversals (inversions of segments of genes) can be solved in polynomial
time [12; 13]. However, it is often the case that genomes have multiple copies of
certain genes. In this case, the genome sorting problem becomes NP-hard in the case

of sorting by reversals|[I8|, or sorting by reversals and duplications [15] for example.

62
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5.2 Objective

As a first step towards the development of new algorithmic methods to study
genome evolution in highly divergent genomes with duplicate genes, our goal is to de-
velop a new crowdsourcing and human computing game that will ask players to find
optimal evolutionary scenarios transforming one genome into another. Our game
takes the form of a puzzle game and will be targeting both casual players and biol-
ogy students, similarly to Phylo [20]. In addition to obtaining optimal evolutionary
scenarios from the players, we will record every move that the players make. This
will allow us to analyze the strategies employed by the players to solve those prob-
lems, and this information will then be used as inspiration to develop new algorithmic

methods.

5.3 Overview of the Citizen Science Game

5.3.1 Game overview

The goal of our citizen science game "GeSort" is to find out the minimum number
of events needed to transform one sequence of ordered genes to another using some
biological operations. These sequences of genes are simply represented by colored
shapes in the game (see Figure .We used six distinct shapes and four different
colors (safe for color blindness) to represent the different genes in the sequences. Thus
the goal for the players is to find out the minimum number of events to transform
one row of colored shapes into another. Each move (i.e. operation) applied by the

player increases the score by 1, and similarly to golf, the objective is to complete each
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Figure 5.1: Game interface of GeSort.

puzzle with the minimum score.

Similarly to the game version that was presented in chapter [} this main version
considers the same the biological events: duplications (copying selected colored shapes
to another location), deletions (removing the selected colored shapes) and inversions
(inverting the order of the selected colored shapes). Inversion events occur mostly
around the terminus of replication, which is located approximately in the middle
of the genome. Consequently, only inversion events of segments of genes that are
overlapping the terminus (represented by a black dot in the game) will be considered

as valid moves.

5.3.2 Interface

Figure [5.1]shows the interface of GeSort. Unlike the version that was presented in

the chapter [} this main version of the game has only two sections: the information
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panel (A) and the game panel (B).

A: Information Panel
There are five components in the information panel. On the left hand side we have
the pause button and the current level number. If we press this button the game will
be paused and a pop-up menu will show up. From there we can resume the game
again or go back to main menu. In the middle we have the button for showing the
minimap. Upon pressing on this one, the players can see a minimap of the whole
puzzle on the top of the screen which is shown in Figure [5.I] This minimap helps
the player to navigate through the puzzle when it is big. They can move the blocks
and go to any place in the puzzle by clicking on a position in the minimap. They
can also hide it if they don’t need the minimap. On the right hand side of the panel
we have the score (the current score of the player for the current puzzle) and the top
score (the top score made by any player for this particular puzzle).

B: Game Panel

The game panel is similar to the version we presented in chapter [l The only
difference is in this version we have four different colors instead of three to present
the genes. So there are two rows of colored shapes. The first one is the target one
and the second one is the mutable sequence, which can be modified by the player.
All the buttons for the three operations (duplications, deletions and inversions) are

at the bottom of the screen.

5.3.3 Interactive tutorial

GeSort also has an interactive tutorial. This tutorial is added for a better un-
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Cooll Now Duplicate the indicated
shape In the rignt posttion for a match!
The arrow Wil show you where the
duplication will be placed.

Figure 5.2: GeSort tutorial.

derstanding of the game. A screenshot of the tutorial is shown in Figure With
this interactive tutorial the players can understand how to play this game, how to
perform each of the operations and how to complete a puzzle with fewer moves.

The players can solve the puzzle in different ways in this game but as the goal of
the game is to make the fewest number of moves for solving a puzzle, it is necessary
for the players to have the knowledge about how they can solve the puzzle with fewer
moves. This tutorial thus helps the players to understand all the basics of the game
before going to the main game session. The players can play the tutorial as many

times as they want.



Chapter 5: GeSort: A citizen science approach for sorting genomes 67

5.4 Data processing

5.4.1 Generating Synthetic Datasets

For the first few levels of this game we have used a synthetic dataset. We created
a level generator which simply creates an original sequence (the target) and modifies
it by applying random events to obtain the mutable sequence. These levels are used
to train the players at the beginning of the game. It starts with small sequences and
gradually increases the number of genes in the sequences. As the sequences in the
real datasets are bigger, it would be confusing and discouraging for the players to
immediately start with big puzzles. Thus this synthetic datasets help the player to
familiarize them with puzzles that are gradually getting bigger before getting to the
real datasets in the puzzle.

For showing the top score for each level, we have used the original number of moves
from the level generator and adds 2 with it. We added this to motivate the players
so that they can beat the initial top score and find the game interesting. However

when a players makes fewer moves than this, it will be getting updated immediately.

5.4.2 Preparing Real Datasets

For now we have used Bacillus genome data for creating the puzzles of this game.
We have followed a phylogenetic tree to make the pairs of the genomes. The phylo-
genetic tree we have followed is shown in Figure [5.3] We are interested in sorting
genomes that are close in the tree, i.e. the genomes that form "cherries" (two leaves

connected to the same internal node). We first took all the cherries which are con-
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Bacillus_selenitireducens_MLS10
I—: Bacillus_cellulosilyticus_DSM_2522

Bacillus_clausii_KSM-K16

Bacillus_pseudofirmus_OF4

Bacillus_halodurans_C-125
[ Bacillus_coagulans_36D1
L Bacillus_coagulans_2-6

[ Bacillus_megaterium_QM_B1551

Bacillus_megaterium_DSM_319
Bacillus_pumilus_SAFR-032
Bacillus_licheniformis_ATCC_14580

Bacillus_amyloliquefaciens_FZB42
Bacillus_amyloliquefaciens_DSM_7
Bacillus_amyloliquefaciens_TA208
Bacillus_amyloliquefaciens_LL3
Bacillus_subtilis_subsp._spizizenii_str._W23
Bacillus_subtilis_subsp._natto_BEST195
I_|_|: Bacillus_subtilis_BSn5
Bacillus_subtilis_subsp._subtilis_str._168
Bacillus_atrophaeus_1942
[ Geobacillus_sp._WCH70
Geobaci

llus_thermoglt idasius_C56-YS93
Geobacillus_sp._Y4.1MC1

[ G illus_thermodenitrificans_NG80-2

G 1s_kat tilus_HTA426
Geobacillus_sp._C56-T3
Geobacillus_sp._Y412MC61
Geobacillus_sp._Y412MC52

Bacillus_cytotoxicus_NVH_391-98
Bacillus_weihenstephanensis_KBAB4

Bacillus_thuringiensis_serovar_chinensis_CT-43
I—: Bacillus_cereus_G9842

Bacillus_cereus_B4264
I_E Bacillus_cereus_ATCC_14579

Bacillus_thuringiensis_BMB171

'_: Bacillus_cereus_ATCC_10987
Bacillus_thuringiensis_serovar_finitimus_YBT-020
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Bacillus_anthracis_str._Sterne
Bacillus_anthracis_str._Ames
I_|_|: Bacillus_anthracis_str._'Ames_Ancestor'

Bacillus_anthracis_str._A0248

Bacillus_anthracis_str._CDC_684

Figure 5.3: Phylogenetic tree of the 50 studied Bacillus strains [2]

nected together as a pair. Then we took the cherries which are connected with the
most recent common ancestor of another two cherries and then moved to the ances-
tors accordingly. The datasets are stored in a text file. Pairs of genomes constitute
puzzles, and each genome is represented by two rows. The first row is a header and
contains information about the top score, the genome name and a label that identifies
it as a target or a mutable genome. The second row consists of the full sequence of
genes representing the genome.

Before pushing this data into the database we ran OrthoAlign[2] for each of the

pairs to find out the top score (lowest number of operations required) according to
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OrthoAlign. Then we also added 2 to this value and used this to set the initial top
score of each puzzle. The reason for adding the 2 is to motivate the players so that
they can beat the initial top score. This top score keeps being updated when a player
completes the puzzle with fewer moves. When a player starts the game, it searches

for the lowest number of moves for the puzzle loaded and shows it to the player.

5.5 Methods

5.5.1 Puzzle distribution system

Figure shows an overview of the puzzle creating system of GeSort. As we
calculated the top score primarily by OrthoAlign|2], we organized the dataset in a
ascending order according to the number of moves, since these numbers also define
the difficulty for solving a puzzle. Then we divide the dataset into five difficulty
levels (very easy, easy, medium, hard and very hard). Once a player starts for the
first time, the level is loaded from the very easy section. Depending on their progress,
the difficulty level is dynamically changed to preserve the same level of challenge. If
the player keeps scoring better then this system will keep loading from the higher
difficulty level section. On the other hand, if the player makes more moves than the
tolerance level (tolerance level is 30% more moves than the top score) it will go down

to the lower difficulty level.
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Lower
difficulty

Database \ Higher GeSort game

difficulty

Figure 5.4: Creating puzzles from Bacillus genome data

5.5.2 Storing data

When the players start playing this game as a guest or with their login credentials,
we keep storing the data. We store their login credentials, the level they are playing,
the genome names, score, completion time and the moves they made to solve the
puzzle. Here in the puzzle each gene in the genomes is represented by an unique
shape. When we are entering results into the database, we are converting each shape

back to its original gene name. For storing the data we have used a MongoDB server.

5.5.3 Analyzing data

We have a different website other than the website for the players where all the
data is visible to us (evolgame.cs.umanitoba.ca:4000). Figure shows the website
where we can see the results of the players. We can analyze the data also by genome

name. We can see the evolution of the scores for each puzzle over time. After getting
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Evolution Analysis Home ResultPro  About

Evolution result

User Level Score Time Points Moves
1 3 12.6899997871369 182  You inversed--- from position 4 iti i at position 2 lle at Position 2;
1 3 9.88199977204204 185  You inversed--- from position 4 iti i at position 2 le at Position 2;
1 3 9.72999974898994 185  You inversed--- from position 4 iti i at position 2 lle at Position 2;
2 3 31.5640003364533 258 You inversed--- from position 4 iti Position Position 10;

You duplicated---Arg at position 13;

3 5 605279983840883 179 You duplicated-- from position7 to position 9 at position 11;You inversed-— from position 3 to position 7;You
pat Position 9; ) at Position 10; at Position 11;
from positioné to position 7 at position 8;You duplicated-~Val at position 10;

4 8 80.7540000602603 139 You duplicated--Leu at position 5;You deleted-—- Leu at Position 1; leted-—- Trp at Position 0; You deleted:
Valat Position 7; You duplicated—lle at position 13;You deleted-— Ile at Position 3;

Figure 5.5: GeSort Result Analysis

a reasonable amount of results for each pair of genomes then we will compare players’
scores with the score from OrthoAlign [2] and DupLoss [33] for these particular pairs
of genomes. We will also compare the events that are inferred to better understand

if and how the players were able to get similar or better evolutionary scenarios.

5.6 Evaluation

To solve the genome sorting problem we need to find the shortest sequence of
events that can transform one gene order into another. From our results, we will find
out the least number of events needed for sorting each pair of genomes and run the
same datasets on DupLoss [33] and OrthoAlign [2]. Here is an example of how we are

going to evaluate our result:

5.6.1 Running on DupLoss:

We will run both our synthetic datasets and real datasets on DupLoss [33]. For
an example, Figure [5.6] shows us the output of DupLoss for one synthetic genome

pair. The genome pair we used is :
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Gln_7 .
N Met 16

R Tle 17 Loss of Ile 17
Gln_9 Gln_18

otal Cost = 6.9

n , Gln , Tle , His , [t] , Gln , Met , Gln
n, Ile , Gln , [t] , His , Met , Tle , Gln

Figure 5.6: Example of output of DupLoss

Genome X: Leu,Asn,Gln,Ile,His, |[t],GIn,Met,Gln
Genome Y: Leu,Asn,Ile,Gln,[t],His,Met,Ile,GIn
In the output we can see, it shows the total number of events and the type of

events.

5.6.2 Running on OrthoAlign:

For OrthoAlign [2] we have used the same genome pair and got the following result
shown in Figure

It also shows us the number of events and the type of events.

5.6.3 Comparing number of moves:

We also used the same genome for playing our HCG GeSort and below there is an

example show in Table of how we are going to compare our result with DupLoss
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Loss of Gln_3...Gln_3
Substitution

Substitution

Loss of Ile_ 17

Figure 5.7: Example of output of OrthoAlign

and OrthoAlign:

Table 5.1: Comparing scores of OrthoAlign , DupLoss and GeSort. Here Training 1
is the pair of genomes discussed above.

Genome Pair DupLoss OrthoAlign GeSort

Training 1 6 4 3

5.6.4 Comparing type of moves:

We will also compare the type of moves we get from GeSort with the type of
moves from DupLoss and OrthoAlign. For the pair of genomes given above, here is

an example shown in Table of how we are going to compare the types of moves.
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Table 5.2: Comparing type of moves of OrthoAlign , DuplLoss and GeSort. Here
Training 1 is the pair of genomes discussed above.

Method Genome Pair Duplication Deletion Substitution Inversion

DupLoss Training 1 1 ) 0 0
OrthoAlign Training 1 0 2 2 0
GeSort Training 1 1 1 0 1

5.7 Discussion

GeSort will soon be available online (evolgame.cs.umanitoba.ca) and we will start
recruiting players soon. This citizen science game is designed with effective game
features which we have been discussed in the chapter [ An interactive tutorial
makes this game more interesting and easier for the players to understand about how
to play this game. Another important feature of this game is the minimap which
helps the players to navigate through a large genome (as the real datasets have large
genomes). Thus we believe that GeSort can be an entertaining game for all level of
players (from non-expert to expert). At this point, the next step will be to analyze

and evaluate the data we will get from the players.
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Conclusion

In this thesis, we proposed a citizen science game GeSort which aims to solve
the genome sorting problem. This is a completely new approach for solving this
problem. More importantly, here we illustrated that we can turn this problem in an
entertaining and intuitive casual game where both the expert and non-expert players
can participate. From the study discussed in chapter we have also observed that
the players do not need scientific background knowledge to play this game.

For getting the best output from a HCG, introducing different game features is
important. In this thesis, we demonstrated the effect of different game features (timer,
top score and leaderboard) on players performance and motivation in a HCG (Chapter
. We have found that both the timer and the top score had significant main effects
on the two dependent variables (score and completion time for each level). With a
timer, the players completed the levels faster but at the expense of poor scores. If we
think from the perspective of a citizen science game, getting more optimal results is

one the most important purposes. On the other hand, the timer also makes a HCG

5
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more interesting and challenging. We have found both the positive and negative sides
of adding a timer from our qualitative analysis. As previous studies [26] showed that
making a reward system optional can have positive effect on players performance and
experience, so for the timer, an optimal solution could be making this as an optional
feature for this game. The players can play with the timer for getting some extra
rewards. We have seen a connection between the timer and the reward system (in our
case it is the point system and the leaderboard) as we have found an almost significant
interaction effect between the timer and the leaderboard. The effect of the top score
is the opposite of the effect of the timer. We have seen that showing a top score in
the game can motivate the players and results in making fewer moves to complete the
puzzles. In our study, in most of the cases, the score of the players were better than the
average in those sessions where the top score was present. It forces the players to have
the best solution. They were more engaged in the game when they saw a top score for
a certain level. Showing a top score in the game also gives the players an idea about
the optimal solution. From both our quantitative and qualitative analysis, the top
score score was shown to be the most favorite and encouraging feature. Although we
did not have any significant effect of the leaderboard, from our qualitative analysis
we have found that showing a leaderboard can also increase the motivation of the
players. As because of the limited time for the study we could not have observed
all the possibilities of the leaderboard, we believe having a leaderboard for a longer
version this game could give us more insights.

After determining an effective game design for GeSort, we are about to publish

the game in online for getting the results from a large number of players. We have
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made a model on how we can compare our results with the existing algorithms [2} [33].
In this part of the thesis we mainly focused on our method for solving the genome
sorting problem and creating the model for analyzing and evaluating the data we will
get from the players. In future, we are looking forward to have a reasonable amount
of data from the players so that we can compare our results. We will analyze the
strategies employed by the players to solve these puzzles. We will also compare the

events for a better understanding on the evolutionary scenarios made by the players.
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