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ABSTRACT

Game Design Documentation (GDD) is a critical document that includes the design and
mechanical details of the game to be developed. These documents create a common
understanding among team members by including details such as the game's progress, story, and
design features. In order for the game development process to proceed and be completed
healthily, these documents must be prepared in a high-quality, clear, and detailed manner.
However, the creation of this documentation is a time-consuming and error-prone process.
Especially in game genres that require rapid prototyping, incomplete or insufficient GDDs can
cause delays in the project process. This study was conducted to examine the effectiveness of
LLMs in GDD production. The hyper-casual game Pool Wars was selected as a reference, and
for this example game, the GDD created by a human expert and the GDD produced by ChatGPT-
4 using various prompt methods were evaluated by four experts in the field according to eight
different criteria using a five-point Likert scale. In addition to structural and creative aspects,
visual elements were also included in the evaluation process. ImageFX, developed by Google,
was used to add visual content to the GDD created by ChatGPT-4. As a result, it was seen that
LLMs were more successful in many criteria in GDD production. As a result of the scoring
made by an academician and three experts from the sector, GDD created by LLM received an
overall average score of 4.71 out of 5, while GDD prepared by human expert received 3.29
points. GDD produced by LLM showed a clear superiority especially in terms of
understandability and level of detail. However, it showed a similar performance to human expert
in terms of creativity and visual content and it was observed that there was room for
improvement in these areas.

Keywords: Large language models (LLM), Game design documentation (GDD), ChatGPT-
4, Hyper-Casual games, Prompt engineering, ImageFX.
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1 INTRODUCTION

Game design documentation (GDD) is a very important part of the game production
pipeline [1], [2]. These documents guide team members through each stage of the production
cycle by describing in detail the concept, mechanics, story, and other main components of the
game [3]. Today, the historical timeline of GDD has evolved from simple text documents in the
early 1990s to comprehensive documentation that integrates with multimedia content, software
project management tools, and version control systems today [4]. In interviews with game
development industry employees, one of the most common complaints is the difficulty and
inconsistency of the GDD preparation process. Especially in hyper-casual [5] (simple
mechanics, fast playable and appealing to a wide audience) game studios, teams working under
rapid production pressure have difficulty preparing comprehensive and consistent GDDs, which

leads to serious disruptions in project management [6], [7].

In recent years, Large Language Models (LLMs) [8] have revolutionized the fields of
artificial intelligence and natural language processing. LLM is a pre-trained language model
based on a vast amount of textual data using transformers and deep learning techniques [9].
These models are used in many areas such as text generation, translation, speech recognition,
text analysis and classification [10]. Recently, LLLMs have gained the ability to generate audio,
visual and video from text and very wide content has been produced using these features [11] -
[13]. The use of LLMs has become widespread in various sectors such as education, cinema,
medicine, cybersecurity and game development and has made significant contributions to these

fields [14]-[16].

One of the studies conducted using LLMs is the creation of Software Requirements
documents by LLMs, crosscheck with human experts and performance analysis. In the study of
Krishna et al., a They assess the performance of GPT-4 and CodelL.lama in drafting an SRS for
a university club management system and compare it against human benchmarks using eight
distinct criteria [17]. The results of the study showed that LLMs can produce documents that
are equivalent in quality to SRS documents produced by entry-level software engineers.
Similarly, Lubos et al.’s study introduce and assess the capabilities of a Large Language Model
(LLM) to evaluate the quality characteristics of software requirements according to the ISO
29148 standard [18]. They show how an LLM can assess requirements, explain its decision-
making process, and examine its capacity to propose improved versions of requirements. In a

study conducted by Lee et al. [19], GPT-3 and LLaMA-2 models are trained to answer questions
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related to technical specification documents. The results show that the fine-tuned LLaMA2
model generally outperforms the fine-tuned GPT-3 model in terms of accuracy, reliability, and
conciseness of responses. it has been proven by various studies that open-source models can
also exhibit high performance when fine-tuned for a specific domain [20]. This shows that
secret documents and information can be processed securely through LLMs without being

shared with external systems [21].

In this study, a hypercasual game called "Pool Wars" was selected. For this game, there
is a GDD written by an expert who has worked as a game designer in the game industry for
more than 5 years and has industry experience, and a GDD was created for the same game with
ChatGPT-4 [22] using various prompting methods such as giving clear instructions, step-by-
step development, supporting with examples and role-playing prompting. The visual part of the
created GDD was completed with ImageFX [23]. As a result, the GDD generated by LLM and
the human-generated GDD were evaluated by experts in the field and compared by scoring
according to a five-point Likert scale. In the study, the evaluation criteria used for both GDD
and SRS documents were scored according to the following criteria: completeness,
understandability, consistency, creativity and innovation, applicability, suitability for the target

audience, level of detail and user-orientedness.

This study aims to display the competence, quality and consistency, time and efficiency
advantages and potential contributions of LLMs in game design documentation production. It
is also aimed to determine the capacity and weaknesses of LLMs and make recommendations

for future developments.
The contributions of this article are as follows:

* Adequacy of LLMs in GDD Production: This study demonstrates how effective and
adequate LLMs are in producing game design documentation when compared to GDDs created
by human experts, and also evaluates the attribute and consistency of GDDs produced by LLMs

and specifies how useful these documents are in the game development process.

* Recommendations for Development: It identifies the strengths and weaknesses of

LLMs in GDD production and makes suggestions for future improving of these models.

* Application of Evaluation Criteria: The evaluation criteria used in the study are valid
for both GDD and SRS documents, and demonstrate how these criteria can be used to

objectively measure the performance of LLMs.
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2 MATERIAL AND METHOD

In this study, the effectiveness of LLMs in the GDD creation process was investigated.
For a hypercasual game called "Pool Wars", a GDD prepared by human experts was taken as a
reference. Then, a similar GDD was created using the ChatGPT-4 model. In this process,
various prompt engineering methods such as providing clear instructions, step-by-step
guidance, supporting with examples and role-playing techniques were applied. The study also
incorporated visual elements generated through ImageFX to complement the textual content
from the language model. Four game design and development specialists assessed both GDDs
using eight evaluation criteria, with ratings assigned on a five-point Likert scale. The evaluation
methodology included both quantitative and qualitative approaches, enabling a comprehensive
comparison that identified the capabilities and limitations of large language models in game

documentation tasks.
2.1 Data Preparation

In this study, a hypercasual game called ‘Pool Wars’ was selected for the target GDD
creation process. Hypercasual games are one of the game genres where the GDD process is
critical due to their simple mechanics, requiring rapid prototyping and appealing to a wide range
of players. Therefore, they constitute a suitable example to evaluate the effectiveness of LLMs
in the GDD creation process. A GDD prepared by human experts for this game was used as the
base document. This GDD was prepared for a game previously developed by an expert Game
Designer in a professional game studio that produces hypercasual games in the industry and
was used as an example GDD produced by a human expert in this study. In order to compare
with the human-authored GDD, a second GDD was generated using GPT-4, a large language
model developed by OpenAl. The resulting document was later evaluated by field experts
alongside the human-authored GDD. The full version of the LLM-generated GDD has been
made publicly accessible via Zenodo [24]. The prompts used in the creation of the LLM-based
GDD were structured to ensure clarity, consistency, and detail throughout the document. These

prompt [25] strategies are explained below.
2.1.1 Step by Step Instructions Prompt

Since LLMs have limited tokens and context windows at a time, we divided the

document we wanted to create into pieces and proceeded step by step. Game design documents
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already consist of certain sections. We gave special prompts for these sections and combined
the created texts. First, we gave a prompt [26] explaining which headings a GDD should contain
and that we wanted to produce these headings step by step. Example prompt: “A game design
document consists of headings such as game summary, basic mechanics, level system, design
elements, game economy. We will create a game design document where we will fill in these
headings for our hyper casual game called Pool Wars, a pool game.” Then, we gave a prompt
talking about what kind of game I wanted to make and asked for the above-mentioned headings
one by one to create our document. Sample prompt: “The story of the stickman character who
embarks on an adventure on the seabed in a pool environment suitable for the summer theme.
The only main character, the warrior stickman, tries to defeat the enemies on the battlefield by
making the necessary improvements in the safe area allocated to him in the pool. With each
enemy he destroys, he continues his fight in new pools by collecting the necessary equipment,
loot and improvements. Before discovering new fronts, he faces a dangerous end-of-level
creature. One of the goals of our main character is to continue on his way by defeating the boss

character. Can you create the basic mechanics for the game given above in detail?”

The above prompt was repeated for each main title and the created texts were combined

[27].
2.1.2 Example Supported Prompt

In the GDD creation process of the model, it was aimed to guide the output and increase
its quality by using GDD examples of similar games [28]. In this method, sample GDD content
was provided in a format that the model could understand and process. These examples
provided guidance on what kind of output the model should produce, both structurally and
content-wise. Especially in sections such as game mechanics, level design and storytelling,
sample GDDs helped the model produce more comprehensive and detailed output. In this way,
the model was enabled to learn from concrete examples and be guided more specifically, instead

of just general instructions.
2.1.3 Role Playing Prompts

In the GDD creation process of ChatGPT-4, role-playing prompts were used to ensure
that the model took on a certain role and produced outputs appropriate to this role [29]. In this
method, the model was given a prompt such as "You are a game designer. You are

knowledgeable about hypercasual games. Focus on the target audience and suggest intuitive
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gameplay mechanics while creating the design document of this game" and was asked to take

on the role of a game designer and create a GDD from this perspective.

The role-playing prompts aimed to make the model think from the perspective of a game
designer and create a GDD that was appropriate for the target audience, creatively and
applicable. This method allowed the model to not only provide information but also to think

like a game designer and produce a more original and user-focused GDD.

For example, when the model took on the role of "game designer", it suggested simpler
and more intuitive gameplay mechanics considering the target audience of the game (e.g.,
young players). It also made suggestions to make the visual and audio design of the game
appealing to the target audience. Role-play prompts helped the model create a more

comprehensive and realistic GDD.

The visual elements of the GDD produced by ChatGPT were created using ImageFX, a
text-to-image conversion tool. This tool transformed text-based descriptions into visuals,
making the GDD more understandable and engaging. ImageFX was used to create various

visual elements such as in-game characters, environments, objects, and the user interface.

The GDDs produced by both human experts and LLM were organized as comprehensive
documents covering sections such as game mechanics, story, visual style, and user interface. In
these sections, the basic elements of the game were explained in detail and supported by visuals.
For example, in the game mechanics section, elements such as the basic rules of the game, the
gameplay loop, and control mechanisms were explained. In the story section, information was
given about the game's story, characters, and world. In the visual style section, elements such
as the game's general art style, color palette, and character designs were discussed. In the user

interface section, game menus, indicators, and other interface elements were described in detail.

These comprehensive GDDs were designed to serve as a guide for all team members
during the game development process. GDDs were created to clearly document the design and

content of the game and create a common understanding among all stakeholders.

2.2 Evaluation Criteria

The GDDs created were evaluated in detail by experts in the field. During the evaluation
process, communication with the experts was provided through an Excel file containing the
evaluation criteria for both GDDs. The experts were sent in PDF format without specifying

which source produced both GDDs and were asked to make an objective evaluation. In the
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Excel file sent to them, areas were provided where they could score each GDD separately based
on the eight criteria specified. At the end of the evaluation process, the experts filled in their
scores in the Excel file and shared their qualitative observations by providing additional written
comments. Thus, both quantitative (scoring data) and qualitative (comments and opinions) data
were collected and analyzed. The evaluation criteria used in this study were determined by
considering previous studies in the literature on the evaluation of game design documentation

[30].

These studies emphasize that game documentation should be considered from various
aspects such as comprehensiveness, understandability, consistency, creativity, applicability,
level of detail, user-centeredness, and visual adequacy [31]. These criteria include the elements
that are important for determining the quality and effectiveness of a GDD. The experts who
conducted the evaluation used a five-point Likert scale [32]. In this scale, which is explained in

detail in Table 1, 1 represents the lowest score and 5 represents the highest score.

Table 1. Likert Scale for GDD Performance

Score Statement Description
. The performance of GDD is
! Strongly Disagree extremely inadequate.
. The performance of GDD is
2 Disagree .
inadequate
The performance of GDD is
3 Neutral neither good nor bad.
4 Agree The performance of GDD is
good.
The performance of GDD is
5 Strongly Agree excellent.

Table 2 provides a detailed list and explanation of all the criteria used in the evaluation

of GDDs. Experts carefully examined each criterion and scored the GDDs on this scale.

Table 2. Evaluation Criteria

Evaluation Criteria Description
Completeness Whether the document covers all critical elements.
Clarity The clarity and ease of understanding of explanations.
Consistency Logical coherence and integrity between sections.
Creativity & Innovation The originality and innovative nature of the presented ideas.
Practicality The document’s practicality and suitability for the target audience.
Level of Detail The depth and precision of the provided explanations.
User-Centric Approach  Alignment with the needs and expectations of the end user.
Visual Adequacy The quality and clarity of visual elements.
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In this study, four professionals with backgrounds in game design and development took
part in the evaluation of the GDDs. Among them, three are actively working in the industry as
game developers, each with a minimum of three years of experience. The fourth expert has been
involved in academic research on game design for over a decade. Although their areas of
expertise differ, all experts assessed the documents based on the same set of criteria without
any distinction in responsibility. During the evaluations, the GDDs were examined in terms of
several important aspects: how complete and understandable they were, whether the content
maintained consistency throughout, how original and creative the ideas appeared, the practical
value of the documents, the level of detail they provided, how well they addressed user needs,
and the adequacy of the visual elements included. Having experts from both industry and
academia enriched the process by bringing in multiple perspectives. This diversity helped create

a more balanced and comprehensive assessment overall.

To avoid bias, each expert reviewed the GDDs independently. They were not informed
which document was written by a human and which was created with the help of a language
model. This anonymity helped ensure that the evaluations were fair and unbiased. Once all
individual evaluations were completed, we collected and analyzed the results together. We
conducted a detailed comparative analysis to determine the performance differences between
the human-written and LLM-generated GDDs. We started by calculating the average score each
GDD received under each evaluation criterion. This step allowed us to see how well each
document performed in certain aspects. We also calculated the differences between the means
in order to see which GDD performed better under which criterion. We calculated the standard
deviation for each criterion to observe how consistent the scores were across raters. Beyond the
numerical results, we also took into account the written feedback of the experts. Each
participant shared their personal observations about the strengths and weaknesses of both
GDDs. These insights provided important context for the scores and offered valuable

information for improving the quality of Al-assisted game design documentation in future work.
2.3 Tools and Technologies Used

In this study, various tools and technologies were used to create the textual and visual

content of GDD and to visualize and analyze the data obtained after the comparison.
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2.3.1 ChatGPT-4

In this study, we used the free limited version of GPT-4 Plus [33]. This version is directly
accessible through OpenAl’s web interface. However, this version can only be used for a certain
period of time, with an automatic downgrade to a lower version when the time is up. As a result,
some practical challenges related to the use of the free version were encountered during the
document production process. For instance, after a certain amount of usage, the system
occasionally prompted us to start a new chat or required a waiting period before continuing.
Consequently, the content generation process had to be split across different chat sessions or
resumed at intervals. These interruptions required manually merging content from multiple

sessions and maintaining contextual consistency between sections.

However, for the purpose of this study, this version was deliberately chosen to assess
how large language models can be utilized by general users for GDD production, without the
need for professional tools or special access. The sections of the GDD were developed step by

step using the prompt techniques described above.
2.3.2 ImageFX

The free version of ImageFX was used to generate the visual components of the GDD
created by ChatGPT [34]. ImageFX is an Al-powered tool capable of producing images based
on text-based descriptions. Using this tool, various visual elements such as stickmen, swimming
pools, collectible items, and water guns—as well as components of the user interface—were

added to the GDD to enrich its visual content.
2.3.3 Microsoft Excel and Python

Microsoft Excel and Python were used to organize, analyze and visualize the evaluation
data. The scores given by the experts were organized in Excel and analyzed using Python.
Statistical calculations such as mean, median and standard deviation were made using data
analysis libraries in Python. In addition, the visualization of the data was provided using
matplotlib, one of the graphics libraries in Python. In this way, we made our results concrete

and analyzed them.
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3 RESULTS AND DISCUSSION

In this study, a comparative analysis of GDDs created by human experts and LLM was
performed. The evaluations made by four different experts were examined based on eight
different criteria and the results were analyzed both quantitatively and qualitatively. Table 3

shows the average scores and standard deviations according to the criteria.

Table 3. Average Scores and Standard Deviations by Criteria

Human Human LLM
Criteria GDD SD GDD LLM SD Difference
(Avg.) (Avg.)
Completeness 3.67 0.82 4.67 0.50 +1.00
Clarity 3.33 0.00 5.00 0.00 +1.67
Consistency 3.00 0.58 4.67 0.00 +1.67
Creativity & = 0.50 4.00 0.00 0.00
Innovation
Practicality 3.00 0.50 5.00 0.00 +2.00
Level of Detail 2.67 0.00 5.00 0.00 +2.33
User-Centric 5 0.50 5.00 0.50 +2.00
Approach
Visual 3.67 0.00 433 0.82 +0.66
Adequacy

As shown in Table 4, the LLM-generated GDD received an overall average score of
4.71, while the human-generated GDD received a score of 3.29. The average scores for each
criterion and the differences between them are presented in detail in this table. The LLM GDD
showed clear superiority especially in the criteria of understandability, applicability and level

of detail.

Table 4. Statistical Summary

Metric Human GDD LLM GDD
Mean 3.29 4.71
Standard Deviation 0.36 0.23
Minimum Score 2.67 4.00
Maximum Score 4.00 5.00

The statistical summary presented in Table 4 shows the overall performance metrics of
both GDDs in comparison. These data reveal that the LLM GDD is superior not only in mean
scores but also in rating consistency. Statistical analysis showed that the LLM GDD had more
consistent scores across raters (SD = 0.23). The standard deviation of the human GDD was

calculated as 0.36.
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4y © m Human GDD (Avg.) m LLM GDD (Avg.)

Figure 1. GDD Comparison Bar Chart by Criteria

The bar chart shown in Figure 1 visually presents the comparative performance of GDDs
on each evaluation criterion. This chart clearly reveals the large difference observed especially

in the level of detail (LLM: 5.00, Human: 2.67).

Completeness

Clarity

\\

Visual Adequacy

User-Centric Approach Consistency

\\ I“,"
Level of Detail ~/Creativity & Innovation

Practicality

'~ Human GDD (Avg.) | LLMGDD (Avg.)

Figure 2. GDD Performance Comparison Radar Chart

The radar chart presented in Figure 2 shows the performance profile of both GDDs
holistically. This visualization clearly shows that the LLM GDD consistently performs highly
on all evaluated criteria. Of particular note is that in the creativity and innovation criterion, both

GDDs perform equally with a score of 4.00.
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Level of Detail

Practicality

User-Centric
Approach

Clarity

Consistency

0.65 13
m Difference (LLM - Human)

Figure 3. Differences between LLM and Man-Made GDD Criteria

25

Figure 3 clearly shows the criteria where LLM is significantly superior to human-made
GDD. Level of Detail has the highest value with a difference of 2.33, which shows that LLM
pays great attention to details when preparing game design documentation. This result indicates
that LLM can provide the details missing in human documentation in a clear and explanatory

manner.

According to the qualitative observations of the evaluators, it was stated that the GDD
produced by LLM exhibited a detailed approach especially in the design of the levels. It was
stated that the visual theme, gameplay mechanics, difficulty levels and target scores of each
level were defined in detail. It was evaluated that in the GDD produced by LLM, it was clearly
explained what kind of experience each level should offer to the player, and this made the
design process more effective. It was observed that LLM created a detailed roadmap regarding
which tasks should be completed in which weeks until the delivery date of the game. It was
stated that this roadmap covers stages such as prototyping, level design, game testing and final

editing, and is structured in a way that facilitates project management.

Evaluators believe that this detailed approach shows that LLM is an effective tool not
only in content production but also in planning the development process. It was stated that the
lack of such details in human-made documentation often leads to delays in project durations,
whereas the clarity and openness provided by LLM has the potential to minimize such

problems.

Other prominent criteria were Applicability and User Focus, both of which have a
difference of 2.00. This shows that LLM has a superior performance in making game

documentation practically applicable and taking into account end-user needs. Understandability
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and Consistency criteria have a difference of 1.67. This shows that LLM can produce not only

detailed but also clear and logically organized documentation.

Figure 4 and Figure 5 below were produced with the ImageFX tool to evaluate the visual
adequacy of the GDD created by LLM. GDDs are prepared to provide guiding information for
the developer and modeling teams on how to design objects, characters, and environmental
elements in the game. In this context, Figure 4 includes various water-themed objects that can
be used in the game (e.g. lifebuoys, wave effects, inflatable platforms) and provides a basic
visual framework for the general mechanics of the game. Figure 5 shows the interaction of the
player character with a stylized water gun and the wave effect in the background. These visuals
offer a simple, colorful, and eye-catching visual language in line with the hyper-casual structure
of the game; they manage to reflect the concept stated in the GDD in general terms. However,
according to expert evaluations, these visual contents have aspects that can be improved in
terms of level of detail, use of perspective, and artistic consistency. This situation reveals that
LLM-supported GDD production is functional in terms of visual guidance, but it would be
useful to support it with professional visual designs for more advanced game projects.
Additionally, to access the entire GDD created by LLM and examine all the images, the

document shared publicly on Zenodo can be accessed from source [24].

Figure 4. Representative Visuals of In-Game Items and Environmental Assets
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Figure 5. Player Character Interaction with Water Gun and Environmental Elements

Overall, these data suggest that LLM offers strong potential for preparing more
structured, detailed, and user-focused documentation than human-made documentation.
However, the lower difference in areas such as creativity and visuality suggests that these areas

still have room for improvement for LLMs.

Expert feedback has highlighted the strengths and potential impacts of LLM GDD. It
has been emphasized that quality issues in GDD writing, especially in the hypercasual game
genre, cause serious delays and problems in projects. Experts have stated that insufficient
attention is paid to GDD writing in rapid prototyping processes and that the lack of clear
definition of game boundaries causes delays in project delivery dates. In this context, the
solution offered by LLMs is particularly valuable. Experts have emphasized that the ability of
LLMs to create detailed, descriptive, and visually rich GDDs very quickly is an important

development for the industry.

Despite the success of LLMs in producing GDDs, there are also some risks. The main
ones are that LLMs can add conflicting mechanics and technically impossible features to
different parts of GDDs. In addition, producing with exact LLMs can cause a decline in
generating new ideas and creativity. In order to eliminate such risks, as suggested in this study,
each stage of GDD production should be controlled by human experts and the Al should be
guided with the relevant prompts. In other words, it is suggested that GDD production should
be done step by step and that each step should be checked and approved before moving on to

the next step.
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4 CONCLUSION AND SUGGESTIONS

In this study, we explored how effective and adequate LLMs are in generating game
design documentation. When we compared the outputs produced by LLMs to those written by
human experts, we found that LLMs generally performed better—particularly in areas like
completeness, clarity, and level of detail. These findings reflect similar results reported in the
work of Krishna et al. [9], where GPT-4 was shown to outperform junior software engineers in
tasks related to software requirements documentation. In our case as well, LLMs excelled
especially for their ability to produce rich, detailed, and well-structured content that helps guide

the design process more effectively than traditional, human-written documents.

The study findings revealed that LLMs can make significant contributions to game
development processes in terms of quality, speed and consistency. In this study conducted on
the hypercasual game "Pool Wars", it was determined that GDD produced by LLM can
eliminate documentation deficiencies encountered in rapid prototyping processes and provide
an effective solution to documentation problems in the industry. Expert evaluations have
highlighted the contribution of LLM towards standards compliance, structuring and technical
details. The results of this study, as emphasized in the study of Lubos et al. [10], show that
LLMs are not only a support tool but also a powerful tool that can enable standardization in

game design documentation processes.

It should not be forgotten that this success demonstrated by LLM is possible with the
guidance of human experts. Otherwise, it should not be ignored that using LLM alone may
create problems in terms of originality, consistency and ethics. In addition, in the case of
commercial use, issues such as who will own the text produced by LLM and whether there will
be copyright problems vary according to the model used. The approaches of different LLMs to
this issue are the subject of a different study. In the future, GDD production can be worked on
for larger and more comprehensive games using LLMs. Also, how existing LLMs can be

improved in terms of visual content production and innovative ideas is a separate study topic.
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