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ABSTRACT

This work presents a metaphorical implementation of genetic ancestry tests in a
Genetic Algorithm (GA), aiming to visually map gene transmission across generations. A
predictive categorical model was developed using GA, where individuals were
represented by chromosomes composed of real-valued genes. The GA was applied to
classify gender based on physical traits such as age, height, weight, and footwear. A novel
visualization was implemented in Wolfram Language using color patterns to trace genetic
ancestry and mutation history. To enhance didactic appeal, individuals were named after
Greek mythological figures — from Titans to Demigods. This approach allowed the
ancestry of each individual to be visually tracked, including mutation events and
inheritance patterns. Notably, the fittest individual emerged not from the top ancestor, but
from a specific combination of genes and beneficial mutations. The proposed visualization
offers an intuitive and educational strategy for understanding gene propagation and
selection in evolutionary computation.
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1. Introduction

Bioinspired methods do not aim to model natural phenomena, the idea is to look for a
metaphor, an abstraction of the central concepts, that results in some scientific-technological
differential to the computing [Castro 2010]. The Genetic Algorithm (GA) introduced by John
Holland in 1975 [Holland 1992] is a metaphor from natural selection, a process formalized by
Charles Darwin in the Theory of Evolution. Natural selection favors those individuals that compete
for the given resources most effectively, in other words, those that are adapted or fit to the
environmental conditions best. This phenomenon is also known as survival of the fittest [Eiben
and Smith 2015]. The main operators of GA are reproduction, crossover, and mutation, and these
were some elements that were “extracted” from original theory. In this study, a metaphor of genetic
ancestry tests was implemented in a GA. The actual tests are used to find out which groups or
location an individual is originated from, it reveals its ancestors by mapping the relationship
between their genes. Based on this test, color patterns were used to map the relationships between
the different generations in the GA implementation.

The metaphorical nature of genetic algorithms has been extensively explored as a powerful
tool for modeling adaptive systems. Koza [1992] emphasizes how genetic programming can
evolve computer programs to solve complex problems, highlighting the potential of genetic
algorithms in simulating natural evolutionary processes. Complementing this perspective, De Jong
[2006] presents a unified approach to evolutionary computation, stressing the importance of
interpretability and accessibility of these algorithms, particularly in educational contexts.
Furthermore, Santos et al. [2025] demonstrate that interactive visualization tools can significantly
enhance the understanding of genetic algorithms, making them more accessible to students and
professionals in training. These approaches underscore the relevance of didactic strategies that
employ visualizations and metaphors to facilitate the teaching and learning of evolutionary
algorithms.

2. Methodology

In this case study, GA was used to fit a categorical model to predict gender (male or
female) from four independent variables: weight, age, height, and footwear. Data were collected
from people living in the State of Amazonas in Brazil, with 240 observations. This problem can
be addressed in GA as a linear weighted sum:

Q= Zbijxxl-j (1)

4
i=1j=1

where i and j represents the independent variable and the category, respectively. There are four
continuous variables: weight, age, height, and footwear. Each variable was discretized into four
categories, totalizing 16 dichotomous discrete variables, binary variables, x;;. Figure 1 shows the
discretization of data from the first observation of dataset. It is possible to see how the set of four
binary variables (x4, ... X;4) are converted from each continuous variable.

The coefficients b;; are the genes, real numbers randomly generated between -1 and 1
(=1 < b;j < 1). The vector formed by all genes is a chromosome (individual) of GA. The number
of individuals (population) of each generation was fixed in eight. To enhance didactic appeal, the
names of the individuals were taken from Greek Mythology. Therefore, the first generation is
composed by the Titans, the two following are generations of Gods, and the final is the generation
of Demigods. Figure 2a shows the gene values of each individual of the Titans, a single color was
chosen for each Titan (Figure 2b). For example, all genes of Cronos were represented by the red
color. This is an important step in the proposed methodology because these colors will be used to
map the locations of the genes across the generations.
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Figure 1. Data transformation - binary variables converted from numeric.

Cronos Reia Crio Témis Japeto  Mnemosine  Céos Tétis Cronos Reia Crio Témis Japeto  Mnemosine  Céos Tétis
by 0,871 0,107 0,687 -0,358 0,053 -0,213 0,698  -0,065
by -0,838  -0,227 0,998 0,818 0,731 -0,661 0813 -0,623 -
by -0,888 0466 -0,812 -0,334 0,447 0,163 0,685 -0,031
by -0,866 0,413 0,555 0,397 -0473 -0945 -0,536 0,405
bsy -0,194 -0,286 -0,168 -0,984 -0,153 -0,590 0,568 -0,896
b3 0,671 -0,986 0,761 -0,509 -0,181 0,626 0,868 0,735
b3, 0,629 -0863 -0,331 0,769 0,949 0982 -0,937 0,262 -
b3, 0,792 -0,214 -0,027 -0,028 -0,542 -0,985 -0,800 0,416
by -0,113  -0,801 -0,105 0,856 0,121 0322 -0,307 -0,061
by 0,698 -0054 -0526 -0377 -0337 -0,182 0,307 -0,487
by 0,891 -0,170 0,754 -0,316  -1,000 0,239 -0,458 -0,344
by 0,072 -0,019 0,474  -0,669 0870 -0,717 -0,052 -0,491
by 0,502 0,496 0,502  -0,444 0,803 -0,173 0,056 0,297
bis -0,796 0,170 0,540 0,895 0,098 -0,918 -0,285 -0,029
b -0,378 0,304 -0,063 0,539 -0,089 -0479 0982 -0,491
by -0,834 0443  -0,691 0,442 0,403 0,270 -0,146 0,139

Figure 2. Model coefficients (genes) randomly generated (left) and the colors used to represent the
genes of individuals (chromosomes) of first generation (right).

It was defined that when the value of Q is greater than 0, it is assumed that the predicted
category is male, otherwise, the predicted category is female, this logical sentence is described in
the follow equation:

if Q>0 - male

prediction = { if Q <0 - female @

The fitness of GA is the accuracy of the model, i.e., the number of correct predictions
divided by the number of total observations.

In the fitness proportional or Roulette Wheel (RW) selection method, the probability of
selecting a chromosome is directly proportional to its fitness value [Castro, 2006]. For example,
Céos obtained the highest fitness value, consequently, he also has the largest slice of the pizza.
The RW is constructed from the relative fitness (ratio of individual fitness and the total fitness) of
each individual. The RW is usually represented as a pie chart (Figure 3) where the area occupied
by each individual is proportional to its relative fitness, which is why Céos has the largest slice.
For the parents' selection, numbers are generated randomly between 0 and 1 and stored where they
fall in RW. Conceptually this is the same as repeatedly spinning a one-armed roulette wheel, where
the sizes of the holes reflect the selection probabilities [Eiben and Smith 2015]. Instead of holes,
there are the slices, and the more times the spinning roulette wheel, the greater the probability of
selecting the fittest parent.
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Figure 3. Model accuracy of the first generation — Ttitans (left) and the roulette wheel
used to stochastic selection of parents (right).

After the selection step, it is necessary to choose how many genes the new individual will
inherit from each parent. In this study, it was used a single crossover point that was randomly
chosen. For example, in Figure 4, it can be seen that Zeus inherited his first four genes from Reia
(green) and the remaining genes from Crio (orange). It was used the crossover probability of 80%,
consequently, it may not occur crossover, and that was the case with Deméter, which means that
Demeéter is a clone of the first selected parent, a clone of Japeto (purple). The gray color was used
to represent the mutant genes and it was adopted the mutation probability of 6% which resulted,
in this simulation, in one individual with two mutant genes and other without mutation (Héstia).

Zeus Hera Poseidon Héstia Hades Deméter  Climene Pleione

Before mutation After mutation
Figure 4. Chromosomes (individuals) of second generation before mutation (left) and
after mutation with mutant genes in gray (right).

Zeus Hera Peseidon Héstia Hades Deméter  Climene Pleione

3. Results

In Figure 5, the upper graph shows the model’s accuracy versus individuals, and the lower
graph shows the respective chromosomes represented by color patterns. The colors were only
assigned to individuals of Titans (first generation), allowing to map the ancestry of the follow
individuals just by observing their colors, and it is also possible to note when mutations happen.
For example, Poseidon (generation 2) was formed from the genes of Cronos (red) and Céos (light
blue) without mutations. Finally, it was possible to analyze Diana's ancestry (Wonder Woman),
the fittest individual of all, discovering that Diana was descendant of Crio and Tétis with two
mutations in their original genes. Interestingly, the fittest individual, Diana, was not a descendant
of Céos — the most adapted individual of the first generation — highlighting that optimal fitness
may arise from synergistic gene combinations rather than direct inheritance from top ancestors.
Also, it can be observed that Diana is almost a total clone of Atena with exception of one mutant
gene. Therefore, since that Atena is the second fittest individual, we can assume that this unique
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mutation increased the Diana’s fitness, and we can estimate that a combination of genes from Tetis
and Crio may be responsible for the high fitness of Diana.

This case study illustrates how color-coded ancestry tracking can enhance understanding
of gene flow, mutation impact, and crossover dynamics in evolutionary computation. Beyond
academic insight, the proposed visualization may also serve as an engaging pedagogical tool to
teach core GA concepts. Future work may explore scaling this method to real-world optimization
problems or integrating it into interactive educational platforms.
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Figure 5. Accuracy versus individuals (above) and genetic ancestry map (bellow).
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