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Abstract

A Software Product Family comprises similar products within a defined scope that share common characteristics, often due to reuse
techniques applied during development. This paper introduces two approaches that apply biological insights to map the landscape
of a software product family, identifying potential gaps within its scope, and identifying and extracting features from the family,
respectively. Phylogenetics studies the gene similarity among groups of organisms to understand ancestry among species. Lever-
aging Phylogenetics in software, our approaches offer a structured view of a product family, aiding in the discovery of unexplored
areas fitting the scope of the family. Our approaches create a phylogenetic tree that enables to easily identify latent products (an-
cestors) that did not exist in the original family. Those ancestors can then be reconstructed from existing products (descendants).
Moreover, the phylogenetic tree can be exploited to identify and extract features from the family. Then, those features can be
injected into other members of the family. The product family evaluated is a set of industry-scale video game non-playable char-
acters. We assess these approaches through video game simulations and scope metrics to determine how closely the reconstructed
and injected products align with the family’s scope. The results confirm that the content generated with our phylogenetics-based
approaches aligns better with the family scope than the state-of-the-art procedural content generation techniques using evolutionary
algorithms. Phylogenetics enhances content generation by providing a framework to understand and expand the product family

with new content.
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1. Introduction

Software is mainly created through reuse. Since the term
software engineering was coined at the NATO Conference held
in Garmisch in 1968 [1]], its evolution has been tied to the con-
cept of reuse (also coined during that conference [2]]). Either ap-
plying an opportunistic approach [3]] such as clone-and-own, or
applying a systematic approach as the Software Product Lines
(SPLs) propose [4]].

These practices result in most products being built by reusing
existing ones. Several studies [J3, |6, [7, [8] have reported reuse
percentages across products ranging from 10% to 85% dur-
ing the late 80s. More recently, the plastic surgeon theory [9]]
found that 43% of commits to a large repository of Java projects
could be reconstituted from existing code. Similarly, Gabel and
Sue [10] concluded that to be able to write a new piece of soft-
ware in a large repository (sourceforge), an engineer needs to
write more than six lines of code; otherwise, the code already
exists somewhere.

However, despite extensive reuse in software creation, the in-
creasing demand for software pressures developers who strug-
gle to meet expectations. This scenario is even worse in the case
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of Game Software Engineering (GSE) [11} [12], where creating
new content for video games is the bottleneck in an industry that
has become the largest entertainment sector, surpassing music
and cinema [13] and accounting for one out of two software
developers [14].

To address this need for content, some works from the GSE
community have applied Procedural Content Generation (PCG)
techniques [15} [16]] to accelerate the development of new fea-
tures for their families of products. However, those techniques
are primarily based on evolutionary computation [17]], and the
generated elements often fall outside the intended scope due to
their reliance on randomness. Alternatively, other works use
Machine Learning for PCG (PCGML), but the lack of training
content remains a challenge for PCGML [18]]. Additionally, in-
terpreting the results is challenging for game developers [19],
who must create content that meets design expectations.

By contrast, we argue that the inherent reuse across a family
of video game elements enables an analysis to generate new
content by reusing parts of the family. In this work, we propose
using phylogenetics, a nature-inspired approach from biology,
to analyze ancestry among family products and exploit them to
generate new products within the family scope.

Phylogenetic analysis is used in biology to discover ancestry
relationships among individuals, classify them, and formalize
an evolution tree that arranges them in a succession of evo-
lutions. This technique yields the discovery of hidden links
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among the individuals that have yet to be discovered. We ar-
gue that this technique can be adapted to a family of software
products, yielding the discovery of missing ancestors that can
fit into the family of products.

This paper is an extension of our previous work [20] in
which we presented a phylogenetic-based content generation
approach, called Latent Content Generation (LCG). This ap-
proach performs a phylogenetic analysis of a family of software
products (video game elements from a commercial game), ar-
ranges the results into a phylogenetic tree, identifies ancestors,
and reconstructs them using their descendants. We evaluated
the new content as new family products. We also compared
these reconstructed ancestors with procedurally generated el-
ements using a state-of-the-art approach, assessing both sets
with metrics used in video games to determine the alignment
with the game’s scope. In summary, our main contribution lies
in leveraging the analysis of variability among existing prod-
ucts through a phylogentics perspective to generate content for
video games.

In addition, this paper leverages deep ancestors to identify
features, through a new approach called Feature-Injected Con-
tent Generation (FICG). In this novel approach, features identi-
fied are injected in other products of the family; then new prod-
ucts are evaluated and compared with our previous approach
for content generation and with state-of-the-art approach. In
other words, this work goes further in leveraging phyloge-
netics for software product lines. In fact, this work enables
leveraging features of deep ancestors by means of phyloge-
netic events. A phylogenetic event (also referred to as mutation
event) occurs when a branch in the tree diverges into two or
more branches [21]]. Table [I|compares both studies.

The results of our previous work indicated that the elements
generated with our ancestors’ approach align more closely with
the original family of products’ scope than those generated with
the state-of-the-art approach. The statistical analysis shows that
the differences are significant, and there is a large effect size be-
tween LCG approach and the baseline. This paper improves this
results with those corresponding to our phylogenetic events’ ap-
proach, showing lower differences between the content gener-
ated with our approach and the family’s scope, than the those
generated with the state-of-the-art approach. Applying the pro-
posed techniques can create new content through a new per-
spective on the video game’s product line.

Summarizing, this extension further explores the application
of phylogenetics to SPLs. Specifically, it introduces a novel

method for feature identification through phylogenetic events.
The evaluation compares this new approach with both the an-
cestors’ method and a state-of-the-art PCG approach. The re-
sults demonstrate that content generated using our phylogenetic
events’ approach aligns more closely with the original family
than both the previous method and the state-of-the-art PCG ap-
proach. Statistical analysis confirms that these results are sig-
nificant.

The paper is structured as follows. Section 2 presents the
background for this work. Section 3 presents both Phylogenetic
Content Generation approaches. Section 4 presents the evalu-
ation. Section 5 answers the research questions and presents a
discussion of the results. Section 6 presents the study’s threats
to validity. Section 7 presents the related work. Section 8 con-
cludes the paper.

2. Background

This section introduces video game Kromaia, and presents
phylogenetic inference and its characteristics borrowed from
the Biology field and how it is used to create phylogenetic trees
in Software Product Families.

2.1. Kromaia’s Product Family

In video game development, a wide range of game content
items (e.g., levels/stages or characters) are defined as software
models using commercial tools for visual scripting in engines
such as Unreal (Blueprints) or Unity (Unity Visual Scripting).
A recent survey shows that it is also common to apply Domain
Specific Languages (DSLs) [22]] for this task.

Kromaieﬂ is a video game released on PC in 2014 [23], and
on console in 2015 [24]. This game is distinguished by its dy-
namic 360-degree movement flight system and shooting me-
chanics.

The game features Non-Playable Characters (NPCs) that
players must overcome. These NPCs vary widely, ranging from
small, stationary enemies to large, articulated ones with com-
plex behaviors and weapons. All NPCs align with the devel-
oper’s vision, adhering to consistent mechanics, dynamics, and
aesthetics [25]].

During the development of the game, these NPCs were cre-
ated using opportunistic reuse by manually copying and past-
ing parts of some NPCs already created. This opportunistic
approach created a product family that has similarities among
NPCs. There are common parts that were borrowed from other
NPCs, and there are new parts that are particular and unique to
each NPC.

These NPCs incorporate concepts common to all entities
in the game: hulls, which are rigid bodies in the character’s
anatomy, such as beads on a necklace or body parts of a crea-
ture; links representing joints with varied degrees of freedom
that connect hull pairs; weak points added to regular hulls
to define damageable objects; weapons used to attack other
characters via projectiles or spikes; and Al components that

1 https://store.steampowered.com/app/285980/Kromaia/,
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parametrize behaviors. The original DSL used to specify NPCs
in the commercial video game Kromaia is SDM]_E| [26].

The main artifact of our approaches is video game content.
Specifically, we will use content from Kromaia to evaluate our
approaches.

2.1.1. Kromaia NPCs’ Rules

In Kromaia, all NPCs are defined by a specific set of design
rules that define their anatomy, behavior, and overall config-
uration. These guidelines provide a consistent framework for
developers to create new content within the video game. The
rules can be summarized as follows:

e Anatomy: The anatomical structure maintains the foun-
dational infrastructure of the NPCs in terms of spatial or-
ganization. Each NPC is composed of one or more hulls,
connected together with links.

e Visual Appearance : Each NPC has a set of mesh files
associated with its anatomical characteristics, giving every
object its visual appearance.

e Weaponry: In Kromaia, NPCs can have various types of
weapons. The number and type of weapons are crucial
decisions developers must make to ensure a fun experience

e Behavior: NPCs have different ways of moving in space
under specific circumstances. Similar to weaponry, devel-
opers must carefully specify these characteristics to ensure
NPC creativity.

e Cosmetic Content: Some objects are embedded in the
anatomy for purely cosmetic purposes, optionally display-
ing animations.

e General parameters: Parameters such as scale or time
values, which are present globally in all NPCs, are de-
scribed by developers to ensure coherence between all
components.

These rules are specific to the Kromaia domain and are ap-
plied to both our approaches. However, while the rules above
refer to the particularities of Kromaia, the idea of rule definition
can be extended to other video game domains. In general, these
rules should be determined by the development team, based on
their understanding of the structure and semantics of the con-
tent in their game. The essential requirement is that these rules
reflect the internal logic and creative boundaries of the prod-
uct family, allowing new instances to be generated that remain
consistent with existing content.

2.2. Phylogenetics applied to Video Games

In Biology, it is possible to measure the genetic difference
between two given species or even between groups of individ-
uals of the same species. That difference is denoted as genetic
distance [27], and, in such a field of study, the genetic distance

2Video available at https://svit.usj.es/kromaia-sdml
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Figure 1: Example of an inferred phylogenetic tree from a distance matrix,
with Kromaia’s content. At top, a pair of genomes is shown with differences
highlighted in red.

is calculated for two specific taxa comparing their genomes.
Taxon is a concept that refers to a group of organisms that
have a set of genetic characteristics in common. For exam-
ple, the Kromaia family content is a high-level, general taxa
that includes all the NPCs in the video game, whereas Ver-
mis, is a taxon that refers to a specific NPC only. The com-
parison of a given set of taxa is commonly done using a data
structure known as a Genetic Distance Matrix: a square ma-
trix that represents the genetic distance between each pair of
taxa studied [28]]. The top part of Figure [T] shows an encoded
genome of a sample taxon. The middle part of Figure [T] shows
a genetic distance matrix, where the diagonal values are always
zero. Typically, due to its symmetrical nature, only the dis-
tances above or below the main diagonal are represented to hide
redundant information. In addition, the genetic distances are
usually values between zero and one [29].
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Inference techniques can be applied to generate a diagram
known as Phylogenetic Tree [30]]. In this tree, each leaf repre-
sents a taxon from the ones studied (i.e., an NPC in the Kro-
maia’s family), while the branches illustrates their relationships
in terms of genetic divergence. Moreover, this branches show
the ancestry relation between taxa, with internal nodes that hy-
pothesize fossil ancestors. The lower part of Figure [I] presents
an example of phylogenetic tree inferred for the Kromaia family
content. For illustrative purposes, we have highlighted ances-
tors (nodes connecting two leaves) and deep ancestors (nodes
connected to three or more leaves).

3. Phylogenetic Content Generation

In our previous work [20]], the Latent Content Generation ap-
proach presented was based on the perspective that phylogenet-
ics can provide to a product family by representing genetic re-
lations among products in a single tree. From this phylogenetic
tree, the game developer can identify potential gaps (ancestors)
that serve as a seed for creating new content. In this context, a
seed refers to a product or configuration that serves as the start-
ing point for content generation. We called this new content as
Latent Content.

Moreover, in this work we are presenting the Feature-
Injected Content Generation (FICG) approach. The main idea
of this approach is that a phylogenetic tree can also be used to
identify and extract features, by means of phylogenetic events.
Then, the developer can inject these features to create new con-
tent. We name this new content as Feature-Injected Content.

Figure [2] presents an overview of our content generation
approaches: Latent Content Generation (LCG), and Feature-
Injected Content Generation (FICG). In the figure, solid boxes
represent operations or calculations, while dotted boxes repre-
sent artifacts.

Both approaches begin with the same initial step called La-
tent Content Identification (LCI). In this step, each product in
a family is encoded into a genome-like representation. These
encoded products are compared in pairs to create a distance ma-
trix. Based on this matrix, a phylogenetic inference process is
applied to produce a phylogenetic tree. The resulting tree is val-
idated by the developers team, to ensure it reflects the structure
and relationships within the video game product family, based
on their domain knowledge.

At the top of the Figure 2] the second step of the LCG is
shown. This second step is called Latent Content Reconstruc-
tion (LCR), where the developer identifies ancestors, selects
two genetically related products (descendant products) and re-
constructs the ancestors, by using a set of domain-specific rules
(see Section [2.1.1)). The result is the generation of latent con-
tent.

At the bottom of the Figure [2] the second and third steps of
the FICG are shown. The second step is called Feature Identifi-
cation & Extraction (FIE), where the phylogenetic events (deep
ancestors) are analyzed to identify features. This analysis sep-
arates the products into two groups: those that contain the fea-
ture, and those that do not. The group with the feature is used

to extract it. Then, in the Feature Injection (FI) step, a product
without the feature is chosen as a host, and the extracted feature
is injected, according to the family rules (see Section 2.1.T).
The result is the generation of feature-injected content.

LCG reconstructs latent content, based on the relationships
among products, while FICG focuses on identifying and inject-
ing features evolving existing products.

These approaches serve as the first step in the formalization
of variability. The generated tree provides an ordered and struc-
tured view of the family. We can also create new content that
is ensured to be within the family scope by reconstructing com-
mon ancestors, or injecting features extracted from the product
family.

3.1. Latent Content Identification

This section presents in more detail the phylogenetic analysis
followed in Latent Content Identification process. First, exist-
ing content is encoded into genetic information. Second, each
taxon is compared with the rest of the taxa, calculating the dis-
tance among each pair of taxa, and generating a matrix. Finally,
the Phylogenetic Tree is inferred.

3.1.1. Encoding

The first step in the phylogenetic analysis is to encode the
content into genetic information. In this work, we apply a string
encoding to represent the software models, as others have done
for years [26]. It is done by transforming the SDML model
into a single string of characters called a genome. Each NPC
element (hull, link, weapon, etc.) is represented as a single
character in the string. It works similarly to a regular DNA se-
quence where the order and value of each character are relevant
to encode the data. Figure[T|shows an example of a simplified
string encoding for Argos. In this representation, each character
corresponds to an element in the SDML model of the boss from
Kromaia. A value of [ indicates that the element is included in
the model, while a 0 denotes its absence.

3.1.2. Distance Matrix

When comparing two products, the resulting distance value
is stored in a square matrix called distance matrix, as it is com-
monly used in biology [31]]. The values range from 0 (exact
copy) to 1 (each gene of the genome is different).

To calculate this distance, we compare each individual’s
genome with the other individuals using the Levenshtein dis-
tance algorithm [32]]. The larger this distance, the smaller the
chance that a model is evolved into another model by a series
of changes. Each genome is compared one by one, and then
the average is computed (i.e., the genome 001 compared with
the genome 000 would compute a 0.333, as there is only a gene
that differs between both genomes). For example, the genetic
distance between Argos and Vermis (see Figure[I) is 0.5, as 13
of the 26 genes differ between them. However, other distances
can be used or created in the future.
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Figure 2: Our Phylogenetic Content Generation Approaches

3.1.3. Phylogenetic Tree Inference

We use the Neighbor-Joining Method from the distance ma-
trix as an inference technique to produce a phylogenetic tree.
This method is commonly used in biology phylogenetics [33]].
From the genetic distance matrix, each element is compared
from the most similar (closer to 0) to the most different (closer
to 1). Each comparison creates a new element that replaces the
compared elements. These new elements are compared with the
other elements using the average of the original values.

This process is repeated for each pair, storing the creation
order to build the tree until only two elements are linked by the
root. This root will store the highest value.

In the genetic distance matrix of Figure [I] we can observe
the distances between the bosses of Kromaia. The selection
of pairs to merge is done according to the lowest distance.
In this case, the pairs Vermis& VermisChild, Ichthyos&Larva,
and Argos&VermisChild have a the minimum distance value
of the matrix, 0.2. When multiple pairs have the same mini-
mal distance, the method resolves the tie by selecting one of
them at random. In the example, the pair selected is Ver-
mis& VermisChild. Now, these two nodes are merged into a
new cluster, Vermis+VermisChild, and the matrix is updated
accordingly. To compute the distance between this new cluster
and the remaining nodes, the method applies an average. For
instance, the distance between Vermis+VermisChild and Argos
is calculated as the average of the original distances:

Argos&Vermis + Argos&VermisChild 0.4 +0.2 03

2 2

This process continues iteratively until all nodes are merged

into a single tree, like the one in Figure[T]

This tree can serve as a visual representation of the prod-
uct family used as input, and the relations among products in
terms of genetic similitude. The game developer can spot pos-

sible gaps that can be exploited to create new content. These
gaps are known in the phylogenetic realm as common ances-
tors. Blue squares in Figure [T represents the gaps correspond-
ing to ancestors. Moreover, those ancestors that are connecting
three or more final descendants are represented as yellow dia-
monds in Figure[T} These ancestors are not present in the origi-
nal family and serve as hypothetical individuals from which the
current individuals could have evolved. While not previously
documented, these entities are not entirely unprecedented, em-
bodying characteristics inferred from their descendants.

By inferring the characteristics of newly created individuals
from their descendants, we maintain the characteristics of these
individuals aligned with the family scope, whether this scope is
formalized or not. In the context of video games, the content is
mainly not formalized, specially due to its creative nature. Phy-
logenetic trees offer a way to find implicit patterns in content,
helping developers to formalize the variability and commonal-
ity within the family.

3.2. Latent Content Reconstruction

This section explains the Latent Content Reconstruction pro-
cess. First, the phylogenetic tree from the Latent Content Iden-
tification is analyzed, looking for ancestors (Ancestor Identifi-
cation). Then, the selected ancestors are reconstructed, through
the Ancestor Reconstruction operation, using a set of family-
rules.

3.2.1. Ancestor Identification

In the phylogenetic tree produced by the Latent Content Iden-
tification, leaves represent the products of the family we are
analyzing. The inner nodes indicate phylogenetic events (di-
vergence points). Among these, the nodes that are directly con-
nected to two terminal nodes (i.e., two family products) are re-
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ferred to as ancestors (see blue square nodes in Figure[3). Each
of these ancestors represents a hypothetical product, a proposed
common origin from which the two existing products are de-
rived. This type of node is known as the Most Recent Common
Ancestor (MRCA) [34].

The possible ancestors of a products family is programmati-
cally extracted from the phylogenetic tree. However, the devel-
opers must determine which of the identified ancestors are suit-
able candidates for reconstruction, based on domain-specific
criteria such as design intent, semantic coherence, or imple-
mentation order. In the context of Kromaia, the developers
must consider aspects like the age and antecedence in relation
to elements like files or weapon/projectile types, based on their
implementation dates or on which type can reasonably be con-
sidered the precursor of the other two. After verifying the el-
igibility of the identified ancestors, the Ancestor Reconstruc-
tion process can begin. This process can be performed multiple
times, one for each feature to extract.

Figure [3] shows a simple example of the Ancestor Identifi-
cation process. First, an algorithm identifies all the possible
ancestors of the phylogenetic tree. Then, the developers ana-
lyze the ancestors identified, and decides which are able to be
reconstructed, keeping consistency with the rest of the game. In
that example, only the ancestor of Larva and Ichthyos has been
selected for reconstruction.

3.2.2. Ancestor Reconstruction

The reconstruction of an ancestor is done manually by the
video game developers, based on the set of rules used to de-
fine the content of the family. In the case of Kromaia, these
rules specify aspects such as the anatomy, visual appearance,
weaponry, behavior, and other general parameters of the game’s
bosses (see Section 2.1.1)).

For each selected ancestor, developers analyze the SDML
models of the descendant NPCs. The reconstruction process
involves integrating features from both descendants to create
a new one that represents the ancestor. Ensuring the inter-
nal coherence, functional plausibility, and consistency with the
overall game design is essential. Therefore, video game de-
velopers also take into account additional factors, such as the
weaponry/projectile types, for example. A reconstructed ances-
tor from Larva and Ichthyos products can be seen in Figure 3]

3.3. Feature Identification & Extraction

The Feature Identification & Extraction process is composed
by two steps. First, a phylogenetic events analysis is performed
to find features, and determine two sets of products (the ones
with the feature, and the ones without it). Second, each feature
identified is extracted. This section presents in more detail both
steps: Phylogenetic Events Analysis, and Feature Extraction.

3.3.1. Phylogenetic Events Analysis

While the Latent Content Reconstruction process uses ances-
tors, the Feature Identification & Extraction process uses deep
ancestors, the MRCA of three or more products. Yellow dia-
monds in Figure[T] are deep ancestors. Each deep ancestor rep-
resents a phylogenetic event that can be encoded as a genome
sequence. The Phylogenetic Events Analysis consists of two
steps.

First, for each deep ancestor, a genome is programmatically
generated by comparing the genomes of its descendants, and
merging their common genes (common factor). Second, the
developers analyze the genomes generated to identify features.
The selection of deep ancestors to analyze is not arbitrary; de-
velopers leverage their domain knowledge about the content to
guide this process, focusing on the most promising candidates
rather than exhaustively exploring all deep ancestors.

‘When the feature is identified, the taxa of the tree is automat-
ically splitted into two group: taxa with the feature, and taxa
without it. In the selection of deep ancestors, the root ancestor
of the phylogenetic tree is excluded, as it does not allow for a
meaningful division into two subsets of taxa. Instead, it would
result into a single subset with all taxa that contain the feature
identified.

Figure [ shows an example of this process. The deep ances-
tors of the tree are processed by the algorithm, and the genomes
are produced (see the case of Vermis N VermisChild N Argos).
The developers, using their knowledge, select the deep ancestor
of Vermis N VermisChild N Argos, as all its descendants share
a common feature (Double-arm feature), that is not present in
the rest of the game. Finally, the taxa is divided into taxa with
Double-arm (Vermis, VermisChild and Argos), and taxa with-
out it (Teuthus, Larva and Ichthyos).
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Figure 4: Identification and Extraction steps for Double-arm feature.

3.3.2. Feature Extraction

In the Feature Extraction process, the genome of a product
with the feature is decoded into a set of elements and rules
that characterize the feature, following a reverse process than
in the encoding step. These characteristics and rules define the
anatomy, behavior, and other visual and functional aspects of
the products where the feature will be injected later.

To perform this process, the developers must select one of the
products with the feature, ensuring that it is a good representa-
tive of all products sharing that feature. This selection enhances

the accuracy of the results during the decoding phase.

In Figure [ an example of this process is presented. In that
case, for the feature Double-arm, the developers have selected
the product Argos, which represents this feature. Then, the
genome of Argos is decoded, resulting in a set of lines in SDML
model format, that represent the extracted feature.

3.4. Feature Injection

From the phylogenetic tree we have extracted features, and
identified those products in the family that include each fea-
ture, and those that do not. In this step, the developers pro-
ceed with the injection of the features in some of the individu-
als without it. This process is inspired by transplantation tech-
niques [35} 36]. In Biology, transplantation refers to a proce-
dure in which organs of a host are replaced by those of a donor
[37]]. In software terms, researchers understand a fragment of a
software element as an organ of a donor [35]]. In the context of
Kromaia, this process involves transplanting a feature (the or-
gan) from a product (the donor) into another product (the host)
that does not include it. Specifically, we used the transplanta-
tion process proposed for SDML model fragments (the models
used in our case study) [36]. This section presents the opera-
tions performed to execute the Feature Injection process: Host
Selection, and Injection. Figure [5] shows the steps of Feature
Injection for an hypothetical Double-arm feature.

3.4.1. Host Selection

The first step in the Feature Injection process involves identi-
fying suitable hosts (i.e., taxa that currently lack the feature but
are appropriate candidates to receive it). For each feature to be
injected, the developer selects a host from products without the
feature, considering their compatibility with the existing game
content. For example, in Figure[5] the developers consider the
bottom-right candidate to be the most suitable, as it is expected
to produce a new enemy that remains balanced with the rest of
the enemies in Kromaia.

3.4.2. Injection

Once suitable hosts have been identified, the Injection of the
feature in the chosen product is performed.

In this process, the transplantation algorithm detects bound-
aries in donor product (determining the limits of the feature)
and in host product (determining possible feature destinations).
Then, a mapping between feature and the host boundaries is
also realized by the algorithm. Finally, the developers trans-
plant the feature, according to the reconstruction rules of the
product family (see Section 2.1.1)).

To ensure a seamless integration, the feature must be adjusted
to fit the host, maintaining coherence in terms of visual appear-
ance, functionality, and general parameters of the video game
content. The developers select the most suitable connections,
deciding the boundaries where the feature is injected. The goal
is to produce a consistent and enjoyable member of the product
family that fits within the game experience.

Figure [5] shows the boundaries identified in both the donor
(d) and the host (). The feature Double-arm is delimited by
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Figure 5: Injection process steps for Double-arm feature injection.

the boundaries d20 and d27. These boundaries are then mapped
to potential connection points in the host. Specifically, d20 can
be connected to h3, h7, hll or hl5, while d27 can be linked to
h4, h8, h12 or h16. The developers apply the Kromaia Family
Rules to determine the connection points that best fit the host
product, and then performs the injection of the feature. The
figure shows four possible outcomes of the selected host with
the injected feature.

4. Evaluation

To evaluate our approaches, we have designed an evaluation
to address the following research questions:

e RQ1 - Does our Latent Content Generation approach pro-
duce results that fit the scope of the family in terms of the
metrics used for families of video game content better than
the state-of-the-art approach for PCG?

e RQ2 - If so, how big are the differences between both ap-
proaches?

e RQ3 - Does the Latent Content Identification operation
produce better seeds than random for the state-of-the-art
approach for PCG?

e RQ4 - Does our Feature-Injected Content Generation ap-
proach produce results that fit the scope of the family bet-
ter than the state-of-the-art approach for PCG?

e RQS5 - If so, how big are the differences between both ap-
proaches?

In this work, the generated content is evaluated using video
game simulations, an accepted practice [38]] for video games.
Simulations are easy to find in video games, as many of the
elements of the game are autonomous (NPCs), and other games
directly include contenders (such as racing games).

This section is structured as follows. Section.T|presents the
approaches evaluated. Section [.2] presents the Experimental
Setup for the evaluation. Section [.3] presents how game sim-
ulations work for content evaluation. Section [d.4] presents the
metrics used to compare with. Section [4.3] presents the details
of the implementation. Section .6 presents the results. And
Section[d.7] presents the statistical analysis.

4.1. Content Generation Approaches

To answer the research questions, we compare our LCG and
FICG approaches with the baseline PCG. To determine the PCG
Baseline, we had to identify work from PCG literature capa-
ble of generating game elements such as the ones of Kromaia.
After surveying the literature, we chose the work by Gallota
et al. [39] because (1) it is one of the most representative
search-based PCG approaches; (2) it generates spaceships for
the Space Engineers videogame, so it seemed capable of gen-
erating content for Kromaia, and (3) it achieves the best results
for this kind of content [39]]. The approach from Gallota et al. is
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Figure 6: Experimental setup for the evaluation and comparison of four approaches: PCG+R, PCG+L, LCG, and FICG. The flow starts in the Kromaia Family.
Each approach is represented in a line. The new content is evaluated using a simulated player. Results of the simulation and statistical analysis can be found in
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a hybrid Evolutionary Algorithm, combining an L-system with
a Feasible Infeasible Two Population Evolutionary Algorithm.

Additionally, we explore another way of generating new con-
tent, which is the result of combining the operation for select-
ing the seeds via phylogenetics (the ancestor identification op-
eration) and the PCG evolutionary algorithm. We perform this
combination to see how each component affects the results, i.e.,
we want to observe how the LCI operation can affect the PCG
algorithm and, thus, the content generated and how the Latent
Content Reconstruction operation affects the results.

As a result, there are four sets of new content generated (see
the middle part of Figure [6):

o PCG+R: Content created by the baseline PCG approach,
fed with random seeds (the usual practice in the literature).

e PCG+L: Content created by the baseline PCG approach,
fed with the descendant seeds identified by our Ancestor
Identification operation, followed by a selection of descen-
dants using the phylogenetic tree.

e LCG: Content created by our Latent Content Generation
approach. That is the combination of the seeds obtained
with our Ancestor Identification operation followed by the
selection of descendants using the phylogenetic tree fed to
our Ancestor Reconstruction operation.

e FICG: Content created by our Feature-Injected Content
Generation approach. It is the result of applying the Fea-
ture Identification & Extraction operation to the phyloge-
netic tree, followed by the Feature Injection process.

4.2. Experimental Setup

Figure [6] shows the experimental design of the evaluation.
The left part shows the family of Kromaia video game con-
tent used as input for the evaluation. The family is composed
of 48 enemies present in the commercial release of Kromaia.
The family is fed as input to the four content generation ap-
proaches: the state-of-the-art approach for PCG used as a base-
line (PCG+R), a version of the baseline enhanced using our
Phylogenetic operation (PCG+L), our Latent Content Genera-
tion approach (LCG), and our Feature-Injected Content Gener-
ation approach (FICG).

In the PCG+R approach, 20 enemies are selected randomly.
These enemies feed the state-of-the-art PCG operation, gener-
ating 10 new enemies.

In the PCG+L approach we enhanced the PCG algorithm.
Instead of selecting randomly 20 enemies, 10 pairs of parents
(20 enemies, depicted as Descendant Products) are selected us-
ing the phylogenetic tree from the LCI process. Then, selected
enemies fed the state-of-the-art PCG approach, generating 10
new enemies.

In our LCG approach, the phylogenetic tree is used to iden-
tify 10 suitable ancestors, each with two direct descendants.
These descendant pairs are used as input for the reconstruction
operation, resulting in the creation of 10 new enemies.

In our FICG approach, the phylogenetic tree is used to ana-
lyze deep ancestors for the identification and extraction of fea-
tures. From the phylogenetic tree, we have extracted 5 features
by analyzing the phylogenetic events, and using taxa with and
without each feature. For every extracted feature, 2 hosts with-



out it were selected for injection, resulting in 10 new enemies
generated in total.

Then, the content generated by the four approaches is
evaluated using video game simulations and a set of metrics
used by the GSE community to assess video game content
and guarantee scope alignment (S7-Completion, S2-Duration,
S3-Uncertainty,  S4-Killer Moves,  S5-Permanence, and
S6-Lead Change) [26]. In addition, the original content used
in the evaluation is also assessed using those metrics (see top
arrow in Figure [6). This allows us to compare the generated
content with the original content, using a common set of
metrics, in order to determine whether the new content remains
consistent with the design and gameplay scope of the existing
material.

Finally, the data is processed to present the results of the eval-
uation (see right-bottom part of Figure [6). First, differences
among the scope metrics of the new content generated and the
original content are computed and presented. Then, a statistical
analysis is performed, including measures of statistical signif-
icance (Quade and Holm’s Post Hoc) [40] and effect size (Alz
and Cliff’s Delta) [41},42,43].

4.3. Game Simulations

For the evaluation, we use a simulated player that performs
duels against the enemies, simulating what a human player
would do during a duel and generating tracing data that will
be used to calculate the scope metrics. In the case of Kromaia,
the simulated player has been created by the development team,
including the configurations needed for their specific intention
for the game.

The simulated player is used in our evaluation to execute au-
tomatic duels against any type of enemy (the original Kromaia
enemies or the generated ones). In those simulations, the simu-
lated player confronts the enemy, strategically moving and tar-
geting the enemy’s different hulls and weak points to destroy
them. Meanwhile, the enemy will act based on its anatomical
structure, behavioral patterns, and attack/defensive dynamics,
aiming to destroy the simulated player. Both entities actively
strive to emerge victorious, avoiding draws or ties and ensuring
a definitive win. As the simulated player is non-deterministic,
we will run each duel 50 times to ensure the consistency of the
results across executions, which is within the suggested range
in the literature [44]].

4.4. Scope Metrics

Video games are complex software because they interconnect
work from various roles (game designers, programmers, 3D
artists, or musicians) into a single piece transmitting a pleasant
or fun experience to the player. However, "fun" is an abstract
concept and depends on the game designers’ intention for their
audience. What is fun for some (e.g., a horror movie) can be
unpleasant for others. The game designer’s mission is to make
decisions, take necessary risks, and ensure all elements fit the
intended game scope.

The content of the video game must be properly aligned with
the intended player experience, empowering game designers to
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effectively convey that experience through gameplay[435]; me-
chanics, dynamics, and aesthetics of a video game are interre-
lated [460], aligned content avoids disrupting the player experi-
ence. Therefore, when generating new content for an existing
video game (e.g., the family of content from Kromaia), we must
ensure that the new content is aligned and remains within the
same scope.

There are measurable indicators of game quality in the litera-
ture. In this work, we will apply six widely accepted indicators
that fit the type of game used in our evaluation (Kromaia, a 3D
spaceship shooter) [26}38]]. Formula for each metric is defined
in [26].

Our evaluation first measures the six criteria for the fam-
ily of content from Kromaia (clamped for standardization pur-
poses [26]]). Then, we measure the six criteria for the generated
content. Finally, we calculate the distance between the gener-
ated content and the original content from the family. A lower
distance indicates a better alignment with the scope. Since these
indicators are used in the context of the "scope" concept, we
adopt a naming convention for each metric, using the prefix S
followed by a unique identifier for the metric.

S1-Completion: A duel against an enemy should end with
more conclusions (victories for any of the two contenders) than
ties (no contender wins, and the duel keeps going for longer
than expected by the game designers). A timeout is defined by
the game designers. Depending on the type of game, duels can
be designed to last longer or shorter, so timeout can be adapted.
When a simulation times-out, duel is considered as a tie. In this
type of game, ties are abnormal and usually indicate a problem
with the content (e.g., cannot be killed by any means). The
criterion S/-Completion is the ratio of conclusions over total

duels: ]
Conclusions

1
Duels M
A conclusion is counted when the duration of the duel (7,) is
strictly less than the timeout set by the developer:

S1-Completion =

Conclusions = #(d € Duels | T; < timeout)

@)

S2-Duration: The duration of duels between players and en-
emies is expected to be around an optimal value (Topsimar) stated
by the game designer. Significant deviations from that reference
value are good design-flaw indicators: short duels are probably
too easy, and long duels tend to make players lose interest. The
criterion S2-Duration is the average difference between the du-
ration of each duel (77) and the optimal duration (Topsimar):

Duels
1T optimar—=Tal

TO/)/ imal

Duels

S2-Duration = clampyo ;|1 — =l

3

S3-Uncertainty: If a duel outcome can be foreseen in ad-
vance, the player might lose interest when realizing that they
will lose or win the duel, and will be bored for the remaining
time. To keep players engaged during the duel, the contenders
should not get extremely close to victory or defeat too early
before the duel finishes. Therefore, a duel is considered to be



more uncertain the longer the time until the player’s or the en-
emy’s health levels are too low, considered as a dangerous value
(P4 and By, respectively). For each duel, S3-Uncertainty mea-
sures the average deviation between the time at which one of
the contenders reaches a dangerous health value and the total
duration of the duel (7).

Duels

2

d=1

Td—min(Pd,Bd)
Ty

4
Duels “)

S3-Uncertainty = clampyp ;|1 —

S4-Killer Moves: While in a duel, contenders perform ac-
tions (e.g., moving closer or farther, shooting, using special
weapons). Some actions are considered trivial, and others are
considered a remarkable highlight (H) towards the duel’s out-
come. In contrast, others are considered Killer moves (K) as
they can determine the duel’s outcome. S4-Killer Moves mea-
sures the ratio between killer moves (K) and remarkable high-
lights (H).

DEZS K,
Hy

d=1

S4-Killer Moves = clampyo11|1 — (@)

SS-Permanence: Permanence measures how often the ad-
vantages given by significant actions or moves by one of the
contenders are immediately reverted by the opponent in terms
of dominance. Recovery moves (R) are those that quickly can-
cel the advantages gained by the opponent by a killer or high-
light move. The criterion S5-Permanence is measured as fol-
lows:

Duels

Z H, dK
+

d=1 d d

S5-P = cl -
ermanence = ciampio,i] Duels

S6-Lead Change: The lead of a duel is determined at any
given moment by considering the contender with the highest
health level. S6-Lead Change measures how often a highlight
or killer move changes the lead of the duel (L) as the ratio be-
tween changes in the lead (L) and the number of highlight or
killer moves (H,K) during the duel:

Duels L.
Hy+K,
doy Hatka

Duels

S6-Lead Change = clampyo @)

Overall: Finally, the six scope criteria are combined into a
single average value representing the overall scope differences
of the evaluated content. This will ease the interpretation of the
results:

M=

S;
=1

Overall =
vera N

®)
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4.5. Implementation Details

The evaluation has been performed using a commercial HP
laptop with an Intel i7-10750H processor, 16Gb of RAM, and
Windows 11 64 bits as the host operating system. The presented
approach for Latent Content Generation has been implemented
using the .NET 6 runtime environment and C# 10 as the pro-
gramming language. The execution of the phylogenetic phase
took around 10 minutes, with the calculation of the genetic dis-
tance matrix being the most time-consuming part (95% of the
execution time). This bottleneck happens due to the expensive
distance calculation as it needs to iterate for each character of
the NPC files. The Ancestor Identification step, guided by the
developer, was completed in approximately 5 minutes. The An-
cestor Reconstruction, which is performed manually by the de-
velopers, required around 2 hours. The Phylogenetic Events
Analysis took about 15 minutes and was also guided by the
developers. Feature Extraction was completed in less than 1
minute: once the developer selects the representative product,
the decoder extracts the feature automatically in a few seconds.
Host Selection is a manual step and its duration can vary signif-
icantly depending on the complexity of the products involved
and the feature to be injected. Injection step is typically com-
pleted in a few minutes (the automated operations run in sec-
onds, and the feature transplantation can vary depending on the
complexity of the mappings). Finally, the evaluation performed
via Simulated Player takes around 30 seconds to complete.

The metrics used in the evaluation include configurable pa-
rameters tailored to the needs of the game designers. In this
work, parameters for those metrics have been provided by the
Kromaia development team (determined based on their own ex-
perience, desires, or through questionnaires with players) and
are as follows: S7-Completion, 20 min. is the maximum time
for a duel; S2-Duration, the optimal time for a duel, is 10
min.; S4-Killer Moves, a highlight move happens when either
the boss unit or the player experiences a decrease in health, and
killer moves are those that make the difference in health be-
tween the contenders reach 30%. These parameters are used to
evaluate both the original and generated content during player
simulations.

The statistical analysis has been performed using R-Studio.
The results of the evaluation, the implementation of the ap-
proach, the game simulations, and the scripts used for the sta-
tistical analysis are made publicly available to the reade

4.6. Results

This section presents the results obtained after applying the
content generation approaches.

The phylogenetic tree generated from the Kromaia product
family is presented in Figure[7] This tree has a structured view
of the product’s family and the genetic relations between prod-
ucts. It serves as the starting point for the reconstruction of
latent content, as well as for the feature identification process.

For the evaluation of LCG approach, we exploited the phy-
logenetic tree generated with the LCI operation (Figure[7). The

3https://svit.usj .es/rp/Navarro_JSS_2025
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Figure 7: Phylogenetic Tree of the family of enemies from Kromaia. Each enemy used as input is tagged with a star; ancestors used in the LCG process are identified
with blue squares; deep ancestors used for Feature Identification & Extraction are depicted as yellow diamonds; taxa with features identified are depicted as yellow

areas (each area for each feature).

S1 - Completion S2 - Duration S3 - Uncertainty  S4 - Killer Moves S5 - Permanence  S6 - Lead Change Overall
Scope  0.99997 + 0.00015 0.18663 +0.01565 0.01313 + 0.00754 0.82573 +0.00232  0.9929 + 0.0021 0.16053 + 0.00412  0.52982 + 0.00399
FICG 0.00003 £ 0 0.07021 + 0.05946  0.01305 + 0.00055  0.0445 + 0.03600  0.00609 + 0.00202 0.02285 + 0.03551 0.01034 + 0.01002
LCG 0.00003 £ 0 0.07369 + 0.05910 0.01340 + 0.00449  0.05175 +0.03893  0.00790 + 0.00881  0.03169 + 0.4389  0.01122 + 0.01077
PCG+L 0.00003 £ 0 0.13263 + 0.06105 0.01792 + 0.01856  0.14479 +0.11813  0.00941 + 0.00905 0.08366 + 0.06686 0.02865 + 0.02102
PCG+R 0.00003 + 0 0.14780 + 0.05186  0.02005 + 0.02252  0.14359 + 0.12938  0.00954 + 0.00820 0.08178 + 0.07408  0.02989 + 0.02057

Table 2: Reference values for each scope metric and differences for each content generation approach and scope metric. The lower the values the better. The smallest

value for each scope metric is highlighted.

phylogenetic tree provides descendants from the tree’s leaves
(blue rectangles) and its ancestor to be reconstructed (line-
joins). Each ancestor used in this evaluation is represented as
a blue square. The selection of ancestry was performed by one
professional video game developer of Kromaia with 20 years
of experience, and his selection was corroborated by another
Kromaia developer.

In the case of FICG approach, deep ancestors of the phylo-
genetic tree are exploited to identify and extract features. Deep
ancestors used in this evaluation are represented as yellow dia-
monds, and taxa with each feature identified and extracted are
highlighted also in yellow. As in the case of LCG, the selection
of deep ancestry was performed by an expert video game de-
veloper of Kromaia, with a corroboration performed by another
Kromaia developer.

For example, the group consisting of DaimonBladeLauncher,
DaimonObstacle, DaimonKnight and DaimonAlpha (first
group from left to right), corresponds to the Hair feature, as
defined by the professionals. Taxa with this feature have em-
bedded in their anatomy, strands of hair, acting purely as cos-
metic content.

Table 2] presents the results obtained by the simulations ex-
ecuted for each NPC created, and for each product in the Kro-
maia family. The first row of values shows the average value
of the simulations realized with the original content of Kro-
maia. The "Scope" values are used as reference for the rest of
the approaches. The next rows present the differences between
the results obtained for each approach, and the reference value
(i.e., scope differences). Therefore, lower values are considered
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more favorable. The results show that our approaches (LCG
and FICG) allows the creation of new content more similar to
the NPCs in video games, than those created with the base-
line’s approaches. The differences between our LCG approach
and the reference scope metrics from the family (see the first
row of Table[2)) are smaller than those created by the baselines
(PCG+R and PCG+L). Moreover, the differences between the
reference values and our FICG approach are even smaller than
the differences between the reference values and our LCG ap-
proach.

We can see that the S1-Completion metric is identical to the
scope in the four approaches measured. S1-Completion is the
minimum requirement an enemy should meet, for it is expected
that the battles, at least, can be completed. If these metrics
differ significantly with the scope, the content generated is con-
sidered invalid for the game. Moreover, these high values come
from the characteristics of the battles, where the effectiveness
of the weapons, and the difficulty of an avarage player to avoid
combat, maximize the duel conclusions within duration lim-
its [47]. Every approach can create content with basic func-
tionality as well as those present in the family. S3-Uncertainty
and S5-Permanence are the two other metrics that are more sim-
ilar to the scope. With these metrics, we can see how LCG and
FICG start to outperform the baseline, but the differences seem
negligible.

S2-Duration, S4-Killer Moves, and S6-Lead Change are the
metrics that show the most difference from the scope. The

S2-Duration for LCG and FICG are similar to the optimal du-
ration, as indicated by the game designer. S4-Killer Moves and



S6-Lead Change show similar performance among approaches,
as was expected because these metrics are related with almost
three times more in scope in favor of LCG, and more than three
times more in scope in favor of FICG.

All these metrics are summarized with the Overall metric and
show that, with LCG and FICG, developers can create content
that is more similar to the scope than PCG, which is more than
twice as different.

4.7. Statistical Analysis

To address RQ2 and RQS5, we compare the results obtained
from the different content generation approaches. All the data
obtained from the simulations were compared to the scope of
the family of products and then analyzed following established
guidelines [44]).

First, a statistical significance analysis will provide formal
and quantitative evidence of the differences among approaches,
determining whether the differences observed are due to the
application of different generation approaches or mere chance.
Then, an effect size analysis will be performed to determine if
those differences are significant in practice.

4.7.1. Statistical Significance
To determine the statistical significance, we defined two hy-
potheses: Hj is the null hypothesis, which states that there are
no differences among the content generation approaches; H|
is the alternative hypothesis, which states that the results of at
least one content generation approach differ from another.
Then, a statistical test that returns a probability value (p-
value) in the range of 0 to 1 is run. The p-value represents
the probability of validating the null hypothesis (Hp). In this
field, a p-value under 0.05 leads to the rejection of Hj in favor
of Hy, indicating that exists an statistical significance between,
at least, two of the content generation approaches evaluated.
The statistical test to be applied depends on the nature of the
data; in this case, our data does not follow a normal distribution
and then requires a non-parametric test. We chose the Quade
test, which has shown more power than the rest when applied to
a low number of approaches (under 5) and using real data [40].
Table [3] shows the results for the Quade test applied to each
scope metric separately. The p-value is below the 0.05 thresh-
old for all metrics except S/-Completion, resulting in an incon-
clusive test (expected as all values were 0 or almost 0). There-
fore, we conclude there are no differences in the first metric
(S1-Completion) and differences due to the use of different con-
tent generation approaches for the rest of the metrics.
However, the Quade test can only conclude if some ap-
proaches produce different outputs, but does not state which
ones. We need to compare the results of each pair of approaches
separately. Holm’s Post Hoc does this, another statistical test
commonly used in conjunction with Quade [40]]. The test is run
for each metric separately, omitting the S7-Completion metric
as Quade already showed that differences were not significant.
Table[dshows the p-values of Holm’s Post Hoc for each qual-
ity metric (columns) and each pair of generation approaches
(rows). Values below the threshold (0.05) are highlighted in
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grey, indicating that the difference in the results for that pair of
approaches and scope metric is significant.

We can see that the differences between LCG and the two
PCG approaches are significant for the six metrics analyzed
in this test (S2-Duration, S3-Uncertainty, S4-Killer Moves,
S5-Permanence, S6-Lead Change, and Overall). In the same
way, the differences between FICG and the PCG approaches
are also significant for the six metrics. According to Holm’s
Post Hoc, the differences between both PCG approaches, with
latent input or with random input, are not significant except for
S3-Uncertainty. In addition, in the Table E] we can see that
the differences between LCG and FICG approaches are signifi-
cant only for the metrics S5-Permanence, S6-Lead Change, and
Overall.

4.7.2. Effect Size

After concluding that there are differences among the results
of the different content generation approaches, we have to deter-
mine the effect size of those differences, that is, how big those
differences are [48]. Even when having differences, they can
be too small and have no practical value (especially when the
number of runs is big enough). Therefore, we assess the mag-
nitude of that difference by applying two non-parametric mea-
sures, Vargha and Delaney’s A, [41]] and Cliff’s Delta [42] 43].

The A}, statistic estimates the probability that a randomly
selected value from one distribution will be greater than a ran-
domly selected value from another [41]. Table|5|shows the Ap
statistic for each scope metric (columns) and pair of generation
approaches (rows). For example, the second row, the third col-
umn in Table shows the A, value for FICG vs PCG+L for the
S2-Duration metric, 25.00%. It indicates the probability that an
observation (a randomly selected duel simulated) from the first
group (FICG) is greater than an observation from the second
group (PCG+L). In this case, as the data represents scope dif-
ferences, the lower the difference, the better. That is, in 25.00%
of the runs, the differences in scope between the FICG results
and the reference values in terms of the S2-Duration metric are
bigger (or worse in this case) than the corresponding differences
of the PCG+L approach. Similarly, the opposite is also valid,
so in 75.00% of the runs, the differences in the scope of FICG
are smaller than the differences of PCG+L for the S2-Duration
metric.

Cliff’s Delta is another non-parametric effect size measure
that quantifies the amount of difference between two distribu-
tions, by computing the probability that one randomly selected
observation is larger than another, minus the reverse proba-
bility [42] |43]. Table @ shows the Clift’s Delta statistic for
each scope metric (columns) and pair of generation approaches
(rows). It indicates the degree to which two distributions over-
lap. Negative values indicate that values from the first approach
are smaller than those from the second. In this case, the lower
the value, the better for the first approach (as the differences
in the scope reference are smaller). Since no significant differ-
ences were found for the S7-Completion metric (as the statis-
tical significance test was inconclusive; see Section , the
effect size analysis for this metric was not performed.



S1 - Completion S2 - Duration S3 - Uncertainty S4 - Killer Moves S5 - Permanence S6 - Lead Change Overall

Quade - < 2x10716 < 2x10716 < 2x10716 7.0x1078 < 2x10716 < 2x10716
Table 3: Quade test p-values. Values below 0.05 are highlighted

S1 - Completion S2 - Duration S3 - Uncertainty S4 - Killer Moves S5 - Permanence S6 - Lead Change Overall

FICG vs LCG - 0.21 0.468 0.45 7.8x1077 < 2x10716 0.0063
FICG vs PCG+L - < 2x10716 6.1x1077 < 2x10716 < 2x10716 < 2x10716 < 2x10716
Holm’s FICG vs PCG+R - < 2x10716 <2.1x107'4 < 2x10716 < 2x10716 < 2x10716 < 2x10716
LCG vs PCG+L - < 2x10716 < 1.8x107° < 2x10716 0.00198 < 2x10716 < 2x10710
LCG vs PCG+R - < 2x10716 3.9x10712 < 2x10716 0.00035 < 2x10716 < 2x10716

PCG+L vs PCG+R - 0.21 0.015 0.45 0.57 0.87 0.118

Table 4: Holm’s Post Hoc p-values. Values below 0.05 are highlighted

For both Alz and Cliff’s Delta, we observe again that
S2-Duration, S4-Killer Moves, and S6-Lead Change are the
metrics that present the biggest differences between LCG and
the PCG baseline. The other metrics perform similarly for the
four approaches. Based on the Cliff’s Delta statistic, we can
conclude that LCG can create content that is a better fit for the
family’s scope than PCG+L (with a medium effect size) and
PCG+R (with a large effect size). Moreover, for FICG, we can
conclude that the content created fits better the family’s scope
than PCG+L and PCG+R, with a large effect size in both cases.

5. Answer to RQs and Discussion

This section will answer the the research questions described
in Sectiond] analyzing the results obtained in our evaluation.

RQ1 - Does our Latent Content Generation approach produce
results that fit the scope of the family in terms of the metrics
used for families of video game content better than the state-
of-the-art approach for PCG?

As an answer to RQ1, we can conclude that our LCG ap-
proach can produce results that fit the scope of the family of
products in terms of the metrics studied better than a state-of-
the-art approach. In particular, the differences in scope between
the family of products and the content generated by our LCG
approach are smaller than the corresponding differences for the
baselines for all the scope metrics studied (see Table [2).

RQ2 - If so, how big are the differences between both ap-

proaches?

As an answer to RQ2, the results for our LCG approach are
better than those produced by a state-of-the-art approach, gen-
erating individuals with smaller scope differences, 75.88% of
the runs for the overall scope metric according to the A, effect
size (see Table[3)). This percentage corresponds to the comple-
ment of 24.22%, which represents the cases where the baseline
performed better. This can be interpreted as a medium/large dif-
ference according to the Cliff’s Delta effect size (see Table[6).

RQ3 - Does the Latent Content Identification operation pro-
duce better seeds than random for the state-of-the-art ap-

proach for PCG?
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As an answer to RQ3, when using the seeds obtained by
our Ancestor Identification operation to generate content with
a state-of-the-art approach, the differences in scope are smaller
than when using randomly selected seeds. However, those dif-
ferences are small and only produce better scope values 52.45%
of the runs.

RQ4 - Does our Feature-Injected Content Generation ap-
proach produce results that fit the scope of the family better
than the state-of-the-art approach for PCG?

As an answer to RQ4, our FICG approach produces better re-
sults than the state-of-the-art approach. The content generated
with FICG fits the scope of the family better than the state-of-
the-art approach for PCG, in terms of the metrics studied.

RQS5 - If so, how big are the differences between both ap-
proaches?

As an answer to RQS5, the results obtained by our FICG ap-
proach are bettwer than those obtained by the state-of-the-art
approach, generating content with smaller scope differences
78.55% of the times for the overall metric, according to the
Ay, effect size (see Table . Moreover, according to the Cliff’s
Delta effect size, this can be interpreted as a large difference
(see Table [6).

Our results demonstrate that content created with LCG and
FICG are more similar to the already present content than the
state-of-the-art techniques for PCG. This means the content is
nearer to the production-ready state for quick incorporation into
the final game. The content created via LCG also has a higher
chance of following the creative intentions of the game design-
ers. However, while the LCG approach provides a coarse level
of detail by reconstructing ancestors, the FICG method offers a
finer granularity. This allows video game’s developers to iden-
tify and extract specific features from the family, and then inject
them into other entities.

Additionally, the structured view that the tree provides can
help developers understand the product family’s relations and
scope thus easing software reuse and variability management.
This can help developers make creative decisions on how the
game should be structured in terms of content variability. De-
signers can choose genetically near NPCs to place them at the
same level as they are more similar and, thus, cohesive with the




A S1 - Completion S2 - Duration S3 - Uncertainty S4 - Killer Moves S5 - Permanence S6 - Lead Change Overall

FICG vs LCG - 51.41% 49.23% 44.26% 40.57% 23.42% 48.90%
FICG vs PCG+L - 25.00% 44.86% 23.44% 36.42% 14.55% 24.87%
FICG vs PCG+R - 20.03% 42.00% 25.70% 37.68% 17.60% 21.45%
LCG vs PCG+L - 23.40% 45.58% 26.70% 44.91% 25.76% 26.55%
LCG vs PCG+R - 18.31% 42.74% 31.10% 45.47% 27.43% 24.12%
PCG+L vs PCG+R - 44.62% 47.26% 51.98% 50.03% 51.09% 47.55%

Table 5: Ay, statistic. Each value indicates the probability that the second approach outperforms the first in pairwise comparisons. A 100% value means the
second approach always performs better, while lower values favor the first approach. Values below 30% are highlighted, indicating a notable advantage for the first

approach.
Cliff’s Delta S1 - Completion S2 - Duration S3 - Uncertainty S4 - Killer Moves S5 - Permanence S6 - Lead Change Overall
FICG vs LCG 0.028248 (negligible)  -0.01536 (negligible)  -0.114888 (negligible) -0.188512 (small) -0.531624 (large) -0.021912 (negligible)
FICG vs PCG+L -0.499872 (large) -0.102792 (negligible) -0.531224 (large) -0.271512 (small) -0.708936 (large) -0.502648 (large)
FICG vs PCG+R -0.599488 (large) -0.159896 (small) -0.486016 (large) -0.246544 (small) -0.64804 (large) -0.570984 (large)
LCG vs PCG+L -0.532072 (large) -0.088312 (negligible) = -0.465984 (medium) -0.10184 (negligible) -0.484864 (large) -0.468916 (medium)
LCG vs PCG+R -0.633744 (large) -0.14512 (negligible) -0.378092 (medium)  -0.090664 (negligible) = -0.451472 (medium) -0.517696 (large)

PCG+L vs PCG+R -0.10768 (negligible)  -0.054824 (negligible)

0.0396 (negligible)

0.000544 (negligible)  0.021892 (negligible)  -0.04898 (negligible)

Table 6: Cliff’s Delta statistic.

These values are interpreted, based on their absolute magnitude, as follows: negligible (< 0.11), small (0.11- < 0.28),

medium (0.28— < 0.43), and large (> 0.43) [49]. Medium and large effect sizes are highlighted.

general intent of said level. Or if the designer wants a wide
variety of NPCs for creative (narrative, aesthetics, mechanics,
etc.) reasons, the phylogenetic tree provides that information.

Video games have large amounts of content and the phyloge-
netic tree can be a good way to introduce SPLs into video games
that are already advanced in development. The fact that devel-
opers can see genetic relations among content can derive into
feature models that conform to the discovered relations, similar
to the approach of Konig et al. [50] called taxonomy mining.

Finally, referring to the simple phylogenetic tree in Figure|T}
Would the common ancestor between the owl and the gecko
be a valid product? Our results say yes, but more importantly,
LCG invites developers to explore that specific content as it may
produce a better individual within the video game’s scope. Sim-
ilarly, would the common ancestor between the frog, the turtle,
and the cobra be helpful in finding a shared feature that can be
included in other individuals? Our results say yes. For example,
with our FICG approach, we can identify the feature of thriv-
ing in both aquatic and terrestrial environments. FICG empow-
ers developers by allowing them to extract such features from
the family and inject them into other individuals, creating more
versatile and dynamic characters within the game, and taking
the first step towards formalization of the variability existing
among the family of software products.

6. Threats To Validity

To address the limitations of our evaluation, we adopt the
validity threat classification framework from Wohlin et al. [51]],
which identifies four dimensions of validity threats:

Construct Validity: This dimension examines whether the
operational measures accurately reflect the true theoretical con-
structs they aim to represent. We addressed this threat by per-
forming a fair comparison between our approach and the base-
line using the same metrics and the same simulated player. Ad-
ditionally, the six metrics used in the evaluation are accepted by
the game software engineering community [38},26].
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Internal Validity: This dimension is concerned with the
causality relationships established within the study. It evalu-
ates whether the outcomes can genuinely be attributed to the
treatment or intervention being researched rather than being af-
fected by other variables. The results could be affected by im-
plementation details; to mitigate this, we created ten different
new products with each approach and executed the simulated
player 50 times for each, accounting for random variation. Ad-
ditionally, we have provided the implementation details and the
source code.

External Validity: This dimension pertains to the general-
izability of the study results to other settings, environments,
or groups. The phylogenetic encoding generalizes the imple-
mentation, and thus, the distance calculation and inference are
agnostic to the domain. The genetic relations present in the
phylogenetic tree do not represent an ad hoc implementation
for the video game content domain, as that content was geneti-
cally encoded. Our evaluation was performed over an industry-
scale video game, mitigating the lack of real problem instances.
However, our findings should be replicated using other video
games and alternative content to confirm the generalizability
properly.

Conclusion Validity: This dimension focuses on the relia-
bility and accuracy of the conclusions drawn from the study.
It involves ensuring that the conclusions about relationships or
differences are statistically and methodologically sound. We
provided ten individuals for each approach comparison and ex-
ecuted the simulation 50 times for each individual. We also
performed a statistical analysis that is widely accepted in soft-
ware engineering [44] including statistical significance (Quade
test and Holm’s Post Hoc) and effect size (Cliff’s Delta and Au)
statistics.

Moreover, while our evaluation compares fully automated
and phylogenetically guided approaches (which involve human
intervention), we did not include a baseline based on a purely
human-driven content creation process. Although the devel-
opers involved were not biased toward any specific outcome,



and simulation-based metrics helped provide objective evalu-
ations, further studies should explore whether similar quality
could be achieved without phylogenetic guidance. Including
such a baseline in future work could help isolate the specific
contribution of the phylogenetic analysis to the quality and ef-
ficiency of the process.

Finally, one limitation of these approaches is that they need
an existing set of products to create the phylogenetic tree. This
is not the case for other PCG approaches. Our approaches can
render better results for specific stages of game development
where there is already content created.

7. Related Work

This section presents the related works taking into account
the terms SPL in Video Games, Content Generation in Video
Games, and Phylogenetics in Software. We can see that while
there are works that tackle these concepts or similar ones, none
of them use phylogenetics to generate content through the lens
of SPL in an industry-scale case. Our research aims to create
video game content that is not only novel but also in line with
the developers’ vision.

7.1. SPLs in Video Games

Some papers address the variability of video games’ content
and software. Some approaches are focused on creating en-
gines that help game developers make games more scalable,
independent, and reusable. Such is the case of the Minimal
Engine for Digital Games (MEnDiGa) created by Boaventura
and Sarinho [52], an extension of their previous engine called
FEnDiGa [53]]. In MEnDiGa, they refined the development of
logic features and modules that represent and adapt game fea-
tures, enabling functionality across multiple gaming platforms.
Additionally, Castro and Werner [54] discuss a game prototype
developed using a dynamic SPL to generate game modifica-
tions systematically. This prototype showcases the feasibility
of automating the modification process, positioning the original
game as the central component of the game’s functionalities.

Additional research efforts delve into developing Software
Product Lines (SPLs) through re-engineering processes. Lima
et al. [55) I56] introduce two studies concerning the recov-
ery of Product Line Architecture (PLA). They implemented
their previously proposed guidelines [S7] to establish the PLA
for the Apo-Games project [S8]. Moreira et al. [39] exam-
ine empirical data from the re-engineering efforts of two open-
source projects, ArgoUML and Phaser. Their findings reveal
significant differences in the re-engineering processes between
ArgoUML-SPL and Phaser. Common challenges are encoun-
tered in both projects, including a scarcity of tools, resulting in
incomplete and inconsistent feature extractions, complexities in
managing feature dependencies with a compositional approach,
and the absence of a variability model to address feature con-
straints.

Similarly, Martinez et al. [60] share insights from their ex-
perience in creating a Software Product Line (SPL) through
re-engineering system variants centered around an educational
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game called Robocode. They explore their findings from vari-
ous angles, including the educational value, the extraction pro-
cess, and the time and effort involved. Debbiche et al. [61]]
investigate the Apo-Games to pinpoint reusable code or ar-
tifacts. Their analysis covered five Java games, with three
of these games subsequently transitioned into a composition-
based SPL using FeatureHouse [62]. They claim that maintain-
ing the testability of the SPL ensures accurate code transfor-
mations and recommend the incremental incorporation of new
features to ease the extraction process.

7.2. Procedural Content Generation from Game Software En-
gineering

Relevant to PCG, Preuss et al. [63] examine the interplay
between quality and diversity in PCG for game development.
Their research involved an experimental evaluation of various
algorithms and distance measures using a tool designed for gen-
erating game levels. They concluded that the Niching Evolu-
tionary Algorithm 2 (NEA2) effectively balances quality and
diversity, contingent upon the employment of a robust distance
function. Subsequently, Gravina et al. [64] characterized qual-
ity diversity as a pivotal search strategy within search-based
PCG.

The study conducted by Melotti et al. [65] introduces and
implements the Deluged Novelty Search Local Competition al-
gorithm (D-NSLC), which utilizes morphological niches to pro-
mote solution diversity in PCG for a game. D-NSLC segments
the population into distinct niches and targets the optimal in-
dividuals within each while exploring the search space. They
conducted an experiment within a roguelike video game con-
text using four different setups. The findings underscored the
advantages of the Novelty Search, notably its significant contri-
bution to generating diverse individuals.

Finally, Blasco et al. explored the application of Search-
Based Software Engineering (SBSE) for content generation
[26, 47]. These studies utilized an evolutionary algorithm
steered by simulations that incorporate the generated con-
tent. They use an evolutionary algorithm known as Evolution-
ary Model Generation (EMoGen) to produce software models
quickly and efficiently. The research demonstrated that models
generated by EMoGen for the commercial video game Kromaia
were comparable in quality to those created manually by devel-
opers but took significantly less time.

None of the aforementioned studies leverage the idea of
latent content with genetic divergence points and ancestry
branches. This work opens a new path where the focus is that
the content is aligned with the scope precisely with the bottom-
up relationship. In the video game domain, the scope is crucial
because the developers’ vision for the game is critical and diffi-
cult to formalize.

7.3. Phylogenetics in Software

An study by Konig et al. [S0] focuses on enhancing the un-
derstanding and application of software variability through the
technique of taxonomy mining. The authors present a method-
ological approach aimed at extracting and utilizing taxonomies



to manage variability in software product lines better. Their ap-
proach is applied to generate taxonomy graphs of different SPLs
in Software Engineering. Taxonomy and Phylogeny are closely
related sciences in the realm of biology. Taxonomy focuses on
the study of the classification of species, and Phylogeny focuses
on the study of evolutionary relationships between organisms.
They have different objectives using the same information.

Blasco et al.  established the foundational principles
of applying phylogenetics to software engineering through
a Phylogenetics-aware Search-Based Software Engineering
(SBSE) approach in [66]. This work lays the groundwork for
the method by defining a phylogenetic operation for evolution-
ary algorithms. However, it does not focus on feature location
within video games.

Moreover, to the best of our knowledge, except our previous
paper [20] that this works extends, there is only another study
that applies phylogenetics to software. Navarro et al. [67] pre-
sented Phylogenix: a tool for Unity that allows video games’
developers to phylogenetically analyze the prefabs of an exist-
ing video game, creating a phylogenetic tree. However, this tool
does not generate new content for video games, neither analyze
the phylogenetic tree for feature identification or extraction.

8. Conclusion

Our approaches prove themselves to be valid for content cre-
ation in video games. The evaluation has demonstrated the
capabilities of LCG to identify gaps within a product family,
hidden content waiting to be discovered. In addition, the eval-
uation has shown the possibilities that FICG approach has, al-
lowing developers to identify and extract features from the ex-
isting content of the family. The content created via LCG and
FICG are more similar to the current scope of an industry-scale
video game, than the content created with state-of-the-art PCG
aproaches.

Phylogenetics can help in managing variability by pointing
out genetic relations among individuals of the same product
family. Identifying these relations can be key for the future of
software variability, providing developers with a full view of an
SPL at a glance. This can enhance strategic decision-making
regarding the development and deployment of additional prod-
ucts.

Specifically, in video games, the phylogenetic tree can help
designers arrange and manage their content while guiding the
next steps in the creation of new content. Also, our ap-
proaches can potentially be used in other domains beyond video
game content creation. Genetic divergence points and ancestry
branches can provide new perspectives to variability thanks to
the phylogenetic approach.
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