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Abstract

Within games user research (GUR) predictive methods like expert evaluation are good

for getting easy insights on a game in development but may not accurately reflect the

player experience. On the other hand, experimental methods like playtesting can accu-

rately capture the player experience but are time consuming and resource intensive. AI

agents have been able to mitigate the issues of playtesting, and the data generated from

these agents can supplement expert evaluation. To that end we introduce PathOS+. This

tool allows the simulations of agents and has features that allows users to conduct their

evaluations in the same place as the game, and then export their findings. We ran a study

to evaluate how PathOS+ fares as an expert evaluation tool with participants of varying

levels of UR experience. The results show that it is viable to use AI to identify design

problems and offer more validity to expert evaluation.

Keywords: Expert Evaluation; Playtesting; Artificial Intelligence; Games User

Research; Video Games
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1 | Introduction

1.1 Context

Games existed as a popular form of entertainment for thousands of years. One of the

earliest games is Senet, �rst conceived in ancient Egypt [1]. Made for two players,

Senet had humble beginnings. Game pieces are placed onto a board. Dice are rolled.

Pieces are moved accordingly. The �rst player to get all their pieces off the board is

declared the winner. The mechanics of this game were simple enough, yet over the

years it took on religious and spiritual in�uence. No longer was it simply moving pieces

on a board–instead it began to symbolize how a human soul progressed through the

afterlife. And no longer was this a pastime reserved for nobility–commoners also were

able to partake. Gradually, Senet's in�uence spread throughout the world.

Since then we have seen the meteoric rise of many other games. Some were from the

ancient world—Mahjong, Go, Backgammon. Others were from a more contemporary

age—Tetris, Pong, Space Invaders. While differing in mechanics, these were all able to

pique human interest and garner a fanatical following. For instance, even thoughTetris

�rst came out in the 1980s, there are still world championships for it to this day [2].

Even a special online version of the game (called Tetris 99) recently came out on the

Nintendo Switch, and became a viral hit [3].

Games also grew in sophistication. They were no longer just relegated to paper or

wooden boards. They were made for arcade machines, home consoles, handheld sys-

tems, phones. These days gaming hardware is powerful enough to simulate 3D graphics

nearly indistinguishable from real life. Games push the boundaries in Virtual Reality

and Augmented Reality, advancing the industry of immersive technologies with major
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commercial successes such asBeat Saber(which has an estimated revenue of over 100

million [4]) and Pokemon Go(which broke records and made billions in revenue [5]).

The popularity of games seeps into other media too, with notable game franchises hav-

ing books and movies being made. Notably Sega'sSonic the Hedgehogwas such a box

of�ce success that not only did the sequel come out in 2022, but a third movie and a

spin-off series are in the works [6].

This increase in popularity and sophistication means games are more than just an en-

tertaining pastime. Games are a multimillion dollar industry, and amidst the pandemic

made more than the sports and movie industries combined [7]. Alongside that, the ma-

jority of North American households now own gaming devices [8]. With this success

comes increased pressure. Large and small gaming companies alike have great expecta-

tions placed on them to release quality games that provide an enjoyable experience.

This poses several challenges. There are many elements unique to developing games

compared to other software, such as determining what makes the game “fun”, which

varies by genre and target audience [9]. Along with that, evaluating how humans interact

with a piece of software is a uniquely dif�cult process. Game developers do not always

have an accurate perception of how players may experience their game, as they spend

so much time developing their game that they may no longer be able to view it from

an unbiased perspective [10]. This issue is compounded by the complexity and scale of

the game. The trends within the industry—-what works, what doesn't, what variables

to account for—-are also always changing. This brings up the question, how can we

analyze these games to determine what the players want? How can we de�ne what

makes a good experience? How can we determine a game's quality while it's still in

development?
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1.2 Human-Computer Interaction and Games User Re-

search

Human Computer Interaction (HCI), �rst practiced in the 1970s, is the study of how

humans interact with computers. It's all about fostering a better understanding of these

interactions. By focusing on usability and accessibility this discipline has helped make

various technologies easier to use. This is exempli�ed by the evolution of the modern

computer mouse.

When computers were an emerging marvel, the primary way that users could interact

with the computer's features were via keyboards. This was cumbersome for users, and

in a bid to improve the ease of use the light pen was invented [11]. The light pen was

a pointer that allowed users to interact with computers, and while an improvement, it

had its issues as well. To make use of the light pen a user would have to hold their arm

up for extended periods of time, causing strain that became known as the “gorilla arm”

[12]. There was an evident need for a more streamlined, lightweight tool. This led to the

creation of the �rst rudimentary computer mouse in the 60s by Douglas Engelbart. The

tool was described in his seminal paper “Augmenting Human Intellect: A Conceptual

Framework”, in which he also broke down how such an idea should be researched and

tested among those who use computers frequently [13]. This was the �rst step towards

the computer mouse that we all use today, and it was achieved through the �eld of

HCI–through the in-depth study and testing of the interactions between humans and

computer interfaces.

The �eld of HCI research has also helped form many other disciplines, and its prac-

tices have bled into game development. This resulted in one of its offshoots, Games

User Research (GUR) [14]. GUR is a multidisciplinary �eld that, like HCI, is in�u-

enced by computer science and psychology. It is focused on better understanding the

player in order to provide an enjoyable experience. GUR methods can help researchers

and designers identify and improve upon problem areas within a game. The methodolo-
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gies that fall under GUR are numerous, and have their own strengths and weaknesses.

These methods can be objective (e.g. observations) or subjective (e.g. focus groups),

qualitative (e.g. interviews) or quantitative (e.g. questionnaires), predictive (e.g. expert

evaluation) or experimental (e.g. playtesting) [15]. Depending on the needs of a study,

games user researchers use mixed method approaches by combining different methods.

As a key predictive methodology, expert evaluation—which can encompass other meth-

ods, such as heuristic evaluation—is when user research experts evaluate a game in

development, and use their expertise to predict what problems a player may run into.

This method can be conducted early on in a game's development in order to �nd us-

ability problems, and is cheap and easy to conduct [16]. Examples of potential issues

that could be detected are things like navigation issues, balancing problems, and unfair

dif�culty. This method does not rely on actual player data, however, instead relying on

the insights of the evaluator. Due to the subjectivity of this method it may not accurately

re�ect the player experience. It is possible for major issues to be missed entirely, while

minor issues are given more importance than they should.

This is not an issue for experimental methods like playtesting. Playtesting is the process

of getting players to play through a game in development. This helps researchers collect

player data and see �rsthand how a player might engage with a game, thereby resulting

in analyses that are more re�ective of the player experience [17]. Researchers would

easily be able to tell, for instance, if a part of a game level causes frustrations in players,

or if something is not taught to the player adequately. The problem with this method,

however, is that it is costly and inaccessible. In order to run playtests researchers have to

recruit players, set up testing space, obtain all the necessary hardware needed to capture

and analyze data, and so on. All of this is too resource-intensive and time consuming for

some studios, especially independent developers, and they subsequently are not able to

partake in a very useful process.

It is possible to combine expert evaluation and playtesting methods in order to reduce the

number of issues missed [18]. There are some roadblocks to this approach, however, as

expert evaluation methods are quick and easy to conduct, whereas playtests are not. This
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raises the question of how we can improve upon the disadvantages of expert evaluation,

without giving up any of the things that make it a bene�cial and accessible method.

1.3 Arti�cial Intelligence

Natural intelligence refers to a human's mental aptitude and rationale. Arti�cial In-

telligence (AI), as the name suggests, is an arti�cial simulation of naturally occurring

intelligence. Humans have always had a fascination with AI. Evidence of this is in how

AI has been depicted within art over the past several decades. Literary works referring

to what could be interpreted as AI have existed since the 1800s, with some scholars

arguing that Mary Shelley's “Frankenstein” is one of the �rst works depicting AI (as

Frankenstein's monster was an intelligent, arti�cial creation). One notable literary work

depicting AI was the short story “I Have No Mouth and I Must Scream”, which came

out in the 1960s. In it, an AI (that was referred to as “AM”) took over the world and

killed all humans, except for a small handful. It then proceeded to torture these remain-

ing humans for all eternity. This is a rather grim depiction of a worst case scenario, and

it is a trope that has been seen countless times since. It is not uncommon for stories like

this to come out when there have been big scienti�c developments, as they are meant to

act as cautionary tales, warnings against pushing science too far.

Other depictions of AI have been more hopeful. In the movie called Her (2013), we see

a man who, after divorcing his wife, falls in love with an AI called Samantha, and starts

a romantic relationship with her. What makes this movie interesting is that Samantha

gains sentience and a greater understanding of human bonds. By the end of the movie

she gains her own agency, and the freewill to explore the world as she sees �t. It is an

optimistic depiction of what the future of AI could be–one not �lled with the dread of

AI takeover, but rather one of AI companionship.

While these �ctitious depictions of AI take on fantastical and oftentimes deeply personal

forms, AI in real life have not quite reached these expectations. We are still nowhere

close to achieving self-driving cars [19], for instance, and tales of AI making laughable
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(and sometimes concerning) mistakes are commonplace [20]. There have still been im-

pressive strides made in recent years, however. When AI started off in the 1950s it was

in the form of simple chess playing algorithms [21]. By today's era AI is sophisticated

enough to handle more complex tasks with varying degrees of success. Examples in-

clude the aforementioned self-driving cars [22], along with algorithms to detect faces

[23], and answer moral questions [24].

One key area of investigation when it comes to AI is how to closely approximate human

behaviour. The Turing Test, conceptualized by the “father of AI” Alan Turing, was

created as a way to determine if an AI algorithm could think like humans [25]. While

there have been many attempts at imitating human behaviour believably, no algorithm

as of yet has passed the Turing Test. Regardless, AI algorithms are now able to go so far

as to simulate human decision-making [26], navigational skills [27], memory functions

[28], and so on.

While AI exists within games to some capacity (such as enemies and companions),

up until recently game AI has been considered rudimentary compared to the broader

�eld of AI. This is because when it comes to games the importance is not on how

sophisticated the AI is, but rather how much enjoyment players can derive from their

behaviour. What's really fascinating are the ways in which AI can help in the game de-

velopment process. AI can be used to evaluate the playability of a level [29], sift through

large amounts of data that would be too dif�cult for humans to look through [30], and

even generate content procedurally [31]. Additionally, AI approximations of human be-

haviour have helped make playtesting more accessible, with the creation of independent

(or autonomous) agents that can play through games in lieu of humans (thereby reduc-

ing time and resource costs) [32]. These agents could be made to mimic different player

pro�les, and even complete tests at accelerated rates. Evaluators can then examine these

agents as they play, or watch recorded playthroughs, in order to get actionable infor-

mation. This is not meant as a direct replacement of playtesting with humans, rather it

can act as a supplement, and as a way of allowing smaller developers to engage with a

valuable process.
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Now that the bene�ts of AI are starting to be leveraged for playtesting purposes with

positive results, the question then becomes how can we push this �eld further? What

else can we do to truly explore the range of AI testing bene�ts?

1.4 Contributions

We believe the bene�ts of AI testers can be extended to expert evaluation in order to re-

duce the subjectivity of evaluations. Evaluators can use autonomous agents to generate

simulated player data, and then use the data to supplement their evaluations. This means

that any conclusions drawn would be a closer approximation to the actual player expe-

rience, and the likelihood of major usability and gameplay issues being missed would

be lessened. The key strength of this combination is that it could take advantage of

the bene�ts of playtesting, without losing the low cost and ease associated with expert

evaluation.

Previously, I was involved in the creation of a tool called PathOS [32]. This tool runs

in Unity (a commercial game engine), is open source and it allows developers to sim-

ulate playthroughs of 3D game levels with AI agents that can emulate different player

behaviours. The original purpose of this tool was to examine how AI agents could help

facilitate level design, primarily through 3D navigation. A study that we previously con-

ducted has shown that while the tool was helpful in allowing designers to understand

how players may interact with their level, further strides can be taken.

As the now lead researcher on this project, my aim is to adjust the tool so that it help

supplement expert evaluation. This variation of the tool is called PathOS+, and it's my

primary contribution. It is a testing tool speci�cally for the Unity engine and any projects

created within it, and is primarily intended for games in action or adventure oriented

genres. The goal of this variation is to improve upon the feedback given to us during our

previous study, by making it more easy to use and expanding the features and abilities of

the AI agents. The other goal is to make it so that it can be an effective expert evaluation

tool. This means broadening the tool's analysis capabilities, while also making it so that
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evaluators can digitally conduct and even export their evaluations within the tool itself.

Another contribution of this thesis is that it expands the scope of research for AI playtest-

ing and expert evaluation. Especially for the latter, there has been very little research

done on how it can be combined with AI playtesting. There has been research that sug-

gested the combination of user testing and expert evaluation could have its bene�ts, but

the body of work is limited. The research herein helps add to that body of research by

showing how AI research tools can streamline aspects of the game development process,

and even make things more accessible for independent developments. Within the realm

of game development, this contribution has the potential to help enable developers to

bene�t from a user-centered approach.

1.5 Thesis Outline

The primary goal of this thesis is to detail the development of PathOS+, the study con-

ducted to determine how researchers use it for expert evaluation, and the conclusions

we have drawn therein. In this chapter I discussed the motivations of this research, and

introduced the �elds of games user research and arti�cial intelligence. I discuss the ben-

e�ts and downsides of various GUR methods, namely expert evaluation and playtesting,

and bring up how AI can be used to mitigate some of these downsides. I also introduced

our previous tool, PathOS, and gave a brief overview of how it differs from PathOS+.

The following chapters are thus:

• Chapter 2: This chapter acts as a literature review that gives an extensive overview

of the expert evaluation methods and AI in game development. Speci�cally, when

it comes to expert evaluation, I discuss its application within industry, how heuris-

tics are used, and the caveats of expert evaluation methods. When it comes to AI,

I broadly cover some use cases and examples, namely in the categories of quality

assurance, data analysis, simulation based testing, and visualizations. Overall this

research has helped in�uence the direction I took with PathOS+.

• Chapter 3: This chapter is divided into two parts. The �rst part details the
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speci�cs of the original PathOS. This includes its design ethos and available fea-

tures. This also details the original study that was conducted with level designers,

and the feedback and insights gained from it. I then discuss our process of exam-

ining this feedback in order to determine next steps for the tool, and what changes

I decided to go ahead and implement. The second part discusses the nuances of

developing PathOS+. This includes any subsequent research I conducted, and any

additional changes made to the tool and its features. Key points include the addi-

tion of further capabilities to the AI, usability and interface improvements, and an

expert evaluation tab created for the sole purpose of conducting evaluations. I also

detail what developments were made to get the tool ready for our next study.

• Chapter 4: This chapter covers the study we conducted in order to evaluate

PathOS+. It goes over the scenarios I created for the purpose of this study, and

gives an overview of the 9 recruited participants who participated in it. We go into

detail our methodology, the nature of the test, and the overall results gleaned from

the study.

• Chapter 5: This chapter covers our interpretation of the results detailed in Chapter

4. I discuss some of our broad �ndings and whether PathOS+ succeeded in its

objective. I also discuss potential areas of application for PathOS+ within the

games industry, and go over various limitations of the study and tool, and possible

next steps. I conclude by summarizing everything that was discussed within the

thesis.

Lastly, theAppendix contains all supplementary materials, such as: the PathOS+ man-

ual, the handout that explained the task, the interview guide, and a changelist of potential

features to be integrated.

1.6 Summary

Games are a fascinating medium with a deeply interesting history dating back to ancient

times, and it has only increased in popularity in recent years. With this ever-growing
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popularity comes a need for methods that help to improve a game's experience. This can

be dif�cult due to the nature of game development and artistic endeavors in general.

HCI is a �eld that emerged in order to better examine our relationship with technology,

and improve the experience. GUR is one of its offshoots and it has been instrumental

in determining how to improve games, though GUR methods have their weaknesses.

Expert evaluation, for instance, is bene�cial at the beginning of a game's cycle, but can

be highly subjective. Whereas playtesting allows researchers to see �rsthand accounts

of players playing games which can help them gain useful insights, but it is resource

intensive and inaccessible. Research suggests that playtesting data could be combined

with expert evaluation to make the �ndings more accurate, but then there is the risk of

losing the ease of use and quickness that are the key bene�ts of expert evaluation.

The emergence of AI has been meteoric, and in the current era there are algorithms

that can mimic elements of human behaviour. It's through leveraging AI algorithms

that some of the disadvantages of playtesting have been mitigated, through the use of

AI agents that can play through games in place of humans while emulating player be-

haviours. We theorize that the data generated from AI playtesters can be used to supple-

ment expert evaluation in order to add validity to any claims that are made, while still

retaining the bene�ts of expert evaluation.

PathOS was an open-source tool created to facilitate AI playtesting of 3D levels within

the Unity engine, with its original purpose being to help in the level design process. We

decided to expand PathOS in order to tailor it for aiding the expert evaluation process.

We've dubbed this variation PathOS+.

The rest of this thesis covers how we analyzed previous study data in order to determine

what features to add to PathOS+. It covers the development of these features, the study

we ran in order to determine whether PathOS+ ful�lls its intended purpose, and what

insights we gleaned from participant responses. Overall I conclude that PathOS+ can be

a bene�cial aid for expert evaluation.
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2 | Related Work

The identi�cation of issues—whether it be by predictive or experimental methodologies—

can play an important role in game development. The data from GUR methods can be

used to inform decisions on a game's design [33], and can help highlight problem areas

to help developers improve the experience of their game.

Playtesting methods have been shown to be helpful in identifying gameplay issues and

gaps in the player's understanding of the game rules [34]. Expert evaluation methods

have also shown to be effective at identifying issues, especially through the use of heuris-

tic guidelines that were developed over time (covered in further detail in Section 2.1.2).

There are also some unique GUR methods that can be leveraged to identify issues.

Biometrics are a way of collecting physiological data from the player, usually through

methods such as eye tracking and electroencephalogram (EEG) to name a few [35].

They let developers gain a more intimate understanding of the player's feelings towards

a game. Existing research suggests that they can help detect problems in gameplay and

emotional immersion, and can be effective when used in conjunction with other methods

[36]. There exist approaches such as biometric storyboards, which help to visualize

biometric data for better understandability and analysis [37].

Some studies showcase the use of biometrics in action, such as the research by Clerico

et al. [38] where they look at whether biometrics can help shed light into nebulous

concepts such as “fun”. They got 62 participants to play some missions inAssassin's

Creed Unity(Ubisoft Montreal, 2014) and recorded their physiological signals (such as

electrodermal, cardiac, and electromyographic activities). Participants also self-reported

how much fun they were having at different parts of the game. They had relative accu-

racy when it came to identifying physiological responses correlated with how much fun
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the player was having. This led them to theorize that biometrics can be helpful for un-

derstanding player enjoyment and useful for adaptive gameplay. Alternatively Halabi

et al. wanted to explore how players would identify the severity of various issues [39].

They did this by combining surveys with biometrics data. Their �ndings showed that

observational methods can help with gameplay issues, whereas biometrics can help with

identifying usability issues. Overall they argue that their insights can help developers

make more informed decisions when it comes to selecting research methods, and also

that it's important to take into consideration the player's perspective when deciding the

severity of issues.

Telemetry—the process of collecting in-game player data—can be helpful in determin-

ing pain points within games [40]. As an example, Gagné, El-Nasr, and Shaw wanted to

explore the use of telemetry for speci�cally real-time strategy (RTS) games [41]. They

collected telemetry data of a Flash RTS game calledPixel Regions. Using their vi-

sualization tool "Pathways" they were able to see data pertaining to level information,

movement information, and death information. This data helped them gain insight into

whether players were playing the game as intended by the designer and what gameplay

strategies they employed. When used in conjunction with other GUR techniques teleme-

try can be a powerful way to gain a better understanding of player behaviour. This was

further explored in a case study done on the racing gamePure(Disney Interactive Stu-

dios, 2008) [42]. Telemetry data was combined with methods such as player self-report

diagrams and biometric storyboards. This allowed the researchers to gain an intimate un-

derstanding of the player's experience, such as where they seem to be getting enjoyment

and which situations led to players changing their playstyle. By looking at arousal states

and combining that with interviews they were also able to identify gameplay issues, such

as when the game behaved differently to player expectations.

Lastly, diary studies are when participants play a game within their own domestic en-

vironment and record their activities [43]. This can be an effective way to understand

the player's motivation and overall user experience. Hillman et al chose to run diary

studies onNHL 16 (EA, 2015) during its public beta, They combined diary studies with
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semi-structured interviews, a large-scale survey, and mindmaps [44]. Their �ndings

helped them learn about how the users communicated, built teams, and discussed their

grievances in the game, which was all useful information for the developers.

Aside from these different methods, there has also been work done to investigate the

validity of GUR methods as a useful component of game development. To that end

Mirza-Babaei et al. conducted a study comparing three variations of a game [45]. They

used a 2D gameMatter of Secondsand conducted a user test (UT) on the game using

a classic method for one, and biometrics for the other. Three designers then provided

feedback on changes that could be made to the game, with one being informed by the UT

report, the other being informed by the biometric UT report, and the last one using their

own expertise. Programmers then built these variations. 24 participants then playtested

these variations, and a survey and interview was conducted with them in order to gain

their insights. Based on the results the researchers found that user testing can help sig-

ni�cantly improve the quality of a game, and biometric storyboards can help with more

nuanced design decisions.

There has also been research done to explore the impact of issue identi�cation on a

game's critical reception. Mirza-Babaei et al. noted the lack of research done on the

impact of playtesting on a game's reception, which can be problematic in establishing

the value of playtesting in the eyes of different developers [46]. They examined three

different games as case studies, which all had different types of playtests done on them

before release, the data of which they had access to. For each game they referred to

the Metacritic reviews and analyzed them via a hybrid deductive and inductive content

analysis method. Features within the reviews got coded into different categories, and this

was compared to the data from the playtest reports–namely, which issues or "features"

were identi�ed and how they were analyzed. Their results indicate what playtests could

focus on in order to evaluate user reception on a game (such as the quality of core

mechanics). Overall this study indicates that playtests can help inform designers on the

reception of their game.

The rest of this chapter covers expert evaluation (its applications and caveats) in indus-
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try, and also the �eld of AI and how that can be used for playtesting purposes. Every-

thing covered here is in some way related to the conceptualization and development of

PathOS+.

2.1 Expert Evaluation

Expert evaluation (also sometimes referred to as expert reviews) is a predictive method-

ology that can encompass techniques such as cognitive walkthroughs and guideline-

based evaluations [47]. It is preferable for these evaluations to be conducted by a small

handful of user researchers (roughly around three [48]). Expert evaluations have been

successfully used in software development for decades to identify usability issues, but

are still relatively new when it comes to game development. The degree to which these

methods are used in the industry vary from studio to studio [16]. With that being said,

there are still some notable examples of the usage of expert review methods in game

development.

2.1.1 Uses in Game Development

Notable organizations like Player Research, who have worked with indie and Triple A

studios alike, use expert evaluation as one of their methods [49]. They state that one of

the strengths of the method is that in order to conduct it they don't need to use a playable

build, since any existing material from the game would suf�ce for analysis. Additionally,

since evaluations can be conducted very early in a development cycle, they can identify

and remove issues from the onset. This is a common strength attributed to expert reviews

(heuristic or otherwise). In a study done by Korhonen, Paavilainen, and Saarenpää they

tasked user researchers with conducting expert reviews [50]. Participants stated that this

methodology was well suited for the evaluation of games because of the potential to

identify playability problems, especially early in the development process.

Research was done to show how expert evaluation methods can �nd issues that might

not otherwise have been noticed. Saul Laitinen did a case study in order to determine
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whether methods like expert evaluation can be useful for game development [51]. For

the case study, a top-down shooter namedShadowgrounds(Frozenbyte, 2005) was eval-

uated while it was still in development, after which it was usability tested. The game's

developers were made to rate each of the found issues in a survey. The results were

promising, showing how 43% of the problems found were ones the game developers

hadn't noticed before, meaning that they could �x those problems before the game's

release. Yong Jun Choi did something similar in his research, in which an action game

namedMidnight Strike was evaluated and then conducted a usability test on, for game

developers to then rate the results [52]. The game developers reported that they would

not have found over 60% of the reported issues, and overall the developers found it to be

a useful process.

Usually special considerations need to be taken in order to adjust expert evaluation meth-

ods for game development. This is especially evident when it comes to heuristic reviews,

which are among the more common methods in game development. There already ex-

isted heuristic guidelines for software applications outside of the games industry, but

those guidelines would not work well with games. As discussed by Korhonen, Paav-

ilainen, and Saarenpää, the design goals between traditional software and games are

widely different, and any created heuristic guidelines need to re�ect those differences

[50].

2.1.2 Heuristics

The number of heuristic guidelines that could be used to analyze games are numerous

and vary in applicability. First invented by Jakob Nielsen and Rolf Moloch, heuris-

tic evaluations were intended for evaluating “human-computer dialogue” (essentially,

user-facing software interfaces) [53]. They conducted a survey with 77 designers and

programmers in which the participants were tasked with conducting an evaluation task.

This led to the preliminary creation of heuristics for these interfaces, which were later

re�ned into the famous Jakob Nielsen's 10 Usability Heuristics [54]. Nielsen described

this method as a quick process which involved getting a small handful of researchers to

15



separately evaluate a software based on heuristic guidelines and then reconvene to dis-

cuss and combine �ndings [55]. This process has stayed more or less the same, the only

difference is the style of heuristics being used.

One of the �rst veri�ed heuristic lists developed for evaluating game playability was

created by Desurvire, Caplan, and Toth [56], titled the Heuristic Evaluation of Playabil-

ity (HEP). These heuristics were based on existing literature at the time and had input

from design experts. The guidelines within this set were organized into four categories:

Gameplay, Game Story, Game Mechanics, and Game Usability. They used a game in

early development that they playtested with 4 users, the results of which indicated that

HEP viably could be used to help improve the design of a game early on in its devel-

opment. Years later, Korhohen, Paavilainen, and Saarenpaa also con�rmed this, while

noting some areas of improvement [50]. They stated that while HEP was useful, some

of the categories seemed too speci�c, or it was dif�cult to �nd a heuristic that �t a given

scenario.

Based on the feedback that HEP received, some years later Desurvire and Wiberg re-

leased a paper on heuristic guidelines that were intended to be broader and more gener-

alizable to different types of games (with a speci�c focus giving to action-adventure, �rst

person shooter, and real-time strategy games). It was called the Heuristics of Playability

(PLAY) [57]. To determine its facets the researchers created surveys for each of the gen-

res they were focusing on, and got participants at a game expo to �ll them out. Based

on the survey results the categories for PLAY were determined, which were: Gameplay,

Coolness/ Entertainment/ Humor/ Emotional/ Immersion, and Usability/Game Mechan-

ics. Each category had various subcategories representing different aspects of a game,

making this one of the more �eshed out heuristic guidelines.

Other general heuristic guidelines were created over the years. One framework was the

Playful Experiences (PLEX) framework, developed by Arrasvuori et al [58]. Instead of

being organized into different groups representing broad categories, the PLEX frame-

work is built up of 22 categories dubbed "experiences", each representing a speci�c

emotional state. Lucero et al. ran some studies determining how useful PLEX was as a
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guide for expert evaluation, and they found that it worked very well, albeit its simplistic

nature [59]. In another example, Pinelle, Wong, and Stach set out to create heuristics

speci�cally to evaluate the usability of a game [60]. They determined this heuristic list

by looking at 100 game reviews, and from there deriving 10 usability principles. They

tested the heuristics by getting �ve researchers to run a heuristic evaluation of a PC game

while using these principles, and found that it helped to identify issues, but more tests

would have to be done to validate it further. Another example comes from Tondello et

al., who wished to create a heuristic set that looked at motivators (intrinsic, extrinsic, and

otherwise) when it comes to gameful design [61]. They ended up creating 28 heuristics

that could help evaluators recognize gaps in a gami�ed application. They ended up run-

ning a study to validate this framework later [62] with �ve user research experts. These

experts conducted an evaluation of two online gami�ed applications, the �rst three while

using the heuristics, and the last two without. This allowed them to compare the results

between the two groups. Overall, they found that those who used their heuristics were

better able to identify issues.

Over the years games branched out into new mediums and genres. This meant there was

a need for heuristics that re�ected the nuances of these different games. Especially for

mobile and virtual reality games.

Korhonen and Koivisto created one of the �rst heuristic sets for mobile games called the

Playability Heuristics for Mobile Games, which was built off previous heuristic guide-

lines [63]. Their categories were Gameplay, Game Usability, and Mobility (which they

added to take into account how mobile games are played in varying environments, and

thus are prone to interruptions). These heuristics also took into account considerations

for multiplayer mobile games. They validated these heuristics by choosing �ve differ-

ent games, and found that while the heuristics helped to identify various issues, there

were some playability issues that didn't �t into any of their identi�ed modules, indi-

cating that more research would have to be done. On that note, Kumar, Goundar and

Chand recognized that Neilsen's heuristics may not be suitable for mobile applications

[64]. Their solution was to examine 10 heuristics case studies for mobile games and
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from there create a framework for conducting heuristic evaluations on mobile games,

divided into planning, conducting, and reporting. They conducted a study to evaluate

this, which showed how the framework seemed straightforward to use, but they have to

conduct more studies to validate it.

Similarly there was a need for ways of evaluating virtual reality games, which were a

rapidly emerging platform. Sutcliffe and Gaunt decided to do just that by creating a

heuristic framework for VR environments [65]. The heuristics set consists of 12 heuris-

tics focused on usability within a virtual evaluation, while the evaluation method follows

Nielsen's guidelines with an additional technology audit step. They evaluated these

heuristics with the use of three virtual environments and found that the heuristics helped

with identifying issues in virtual environments while also providing recommendations.

More recently, citing VR's increased emergence into the mainstream, Murtza, Mon-

roe, and Youmans created a new heuristic set speci�cally for evaluating virtual reality

applications [66]. They created these heuristics by surveying 85 participants, which

included VR students and industry experts. The results let them identify themes with

which to base their heuristics off of (such as physical space constraints and mental com-

fort). Though they cited a limitation of this study being that the samples they chose may

not be representative of the industry in broad terms.

2.1.3 Caveats

Studies have been done to evaluate how well these heuristics function, with some con-

�icting results. Korhonen, Paavilainen, and Saarenpaa did a study comparing two of the

covered heuristics (HEP and playability heuristics for mobile) and found that while there

were clear bene�ts, the heuristic sets themselves had issues [50]. HEP was reported to

have too many heuristics that were too speci�c to apply to any game. The playability

heuristics were better in that regard, but they were spread across different documents

which made it inconvenient to use. This highlights a trend to be wary of, where these

heuristics are either too speci�c or too cumbersome to use.

There were other issues arising within all of these methodologies, issues inherent to

18



predictive methodologies. Methods like expert evaluation, and those under it, only act as

predictions for possible issues players may encounter. Without player data it is dif�cult

for user researchers to justify �ndings relating to subjective metrics such as fun, pacing,

and dif�culty [16]. The reality is that it is very possible for major issues to be missed

entirely, or for smaller issues to be given more signi�cance than they deserve, due to the

lack of player data.

This issues of false positives is shown with the research done by Baauw, Bekker, and

Barendregt [67], who created a method for evaluating children's education games called

"Structured Expert Evaluation Method" (SEEM). It was composed of questions the eval-

uators had to ask every frame. They evaluated SEEM on two things: thoroughness and

validity. On two games (RogersandMilo), they ran a usability test and identi�ed core

issues. Then they got 18 evaluators to conduct an expert evaluation using SEEM. They

found that while the evaluators identi�ed lots of issues, they also identi�ed lots of false

positives, meaning that the validity of their method was lower than anticipated. They

chalked this up to being the evaluators over, or under, estimating children's cognitive

abilities while also having a misunderstanding of the game itself. Thus, while the evalu-

ation showed that SEEM could be used to detect problems, it also indicated that adjust-

ments would have to be made. False positives are an ever-present risk with predictive

methodologies.

A solution to make predictive evaluations more accurate was proposed by Tan, Liu, and

Bishu, who suggested that combining usability testing alongside expert evaluation meth-

ods can help make up for any false positives identi�ed within tests [18]. Similarly, the

Nielsen Norman Group stated that combining usability testing with expert evaluations

can help evaluators identify issues they might not have thought of [68].

There are also some other issues that arise in regards to the mediums used to conduct

expert evaluation. Some research papers explored the pros and cons of conducting eval-

uations via traditional methods—such as pen and paper—versus using web-based or

software tools to do the process. When Hvannberg et al. compared the two in a case

study, they found that participants who used an electronic tool to conduct their evalua-
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tions found the process to be more ef�cient, and less tedious [69]. Though they found

that context-switching (swapping between the game itself and the tool for conducting

the evaluation), could cause some dif�culties for the evaluator. Similarly Sivaji et al.

created a web-based tool titled Usability Management System (UMS) for conducting

expert evaluations [70]. They ran tests in order to validate this, and found that using a

web tool helped streamline the evaluation process.

We kept all of these considerations in mind when developing PathOS+. We wanted

to focus on providing concrete evidence for evaluations, while also streamlining the

process so that researchers can conduct their evaluations where the game is located.

These caveats are also why we chose not to base our tool on a speci�c set of heuristics,

which is covered in more detail in Section 5.

2.2 Arti�cial Intelligence

The applications of AI within the games industry are wide and varied, with different

purposes. AI is typically used for in-game enemies with varying degrees of complexity,

but also in terms of software meant to make aspects of the game development process

easier. While the latter is not commonplace, there have been more conversations as of

late on ways that AI could be integrated into the process to either automate things or

make things easier. The following covers some of the different areas of AI applications.

2.2.1 AI for QA

Errors in a piece of software—-referred to as bugs—-can cause a frustrating experience

for the user. When it comes to software development, there exists a multitude of tools

to aid in the detection of errors within software, along with tools that can help �x those

errors [71]. It's much harder to do the same thing when it comes to games due to the

intricately complex and nuanced nature of them. Current bug testing processes within

game development can be very dif�cult and involve a lot of manual labor [72]. Human

testers typically play through the game in order to detect and log the bugs they �nd. This
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can be strenuous and thankless work, and there is no guarantee that all if not most of

the bugs will be found. As of late, there has been more and more research put into the

use of AI as a way to ease the burden of bug testing, and to make it a more ef�cient and

successful process.

There are many AI bug-testing tactics that involve combining the strengths of both hu-

mans and AI to identify bugs. This is explored by Chang, Aytemiz, and Smith who

decided to explore ways of aiding human testers to expand their search capabilities with

AI [73]. This led to the creation of Reveal-More, a framework that takes a small record-

ing of human gameplay data and uses AI to expand the coverage of potential bugs. The

algorithm works by using the save states of a game as a human plays through it, and once

the human is done playing the algorithm uses the save states as "seeds" for exploration.

For each save state, the algorithm examines more of the game from that state with the

use of the Rapidly-Exploring Random Trees (RRT) algorithm, and after a set amount

of time moves onto the next state. To prove the algorithm's capabilities, they ran tests

for the gamesSuper Mario World(Nintendo, 1990) andThe Legend of Zelda: A Link

to the Past(Nintendo, 1991). Their tests showed that Reveal-More was able to cover

approximately two times more of the gameplay than human testers while also reach-

ing inaccessible areas, showing its potential in increasing the coverage of bugs. These

researchers also plan on expanding this algorithm further, by increasing its capabilities

of useful actions and the ability to examine data in between game builds. In a similar

vein, this was also observed by Machado et al., who created Cicero in order to explore

the applicability of AI helping with the game development process [74]. This is a level

design tool that can allow for the prototyping of 2D sprite games in different genres,

and also the subsequent bugtesting of those games. It's built upon the General Video

Game AIFramework (GVGAI), and it also used SeekWhence (a replay analysis tool),

Playtrace Aggregation (a visualization system) and a Mechanics Recommender (a tool

to recommend mechanics). To test how it works, they ran a study with 32 participants,

and got them to do different tasks with (and sometimes without) the AI. Overall they

found that for the most part humans performed more accurately able to locate bugs with
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AI assistance, though they argue that more testing would have to be done to verify these

results. Additionally, citing certain shortcomings in existing AI algorithms for play-

ing through games, Pfau, Smeddinck, and Malaka developed a novel framework called

ICARUS to play and report bugs [75]. It was developed at the adventure game devel-

oping company Daedalic Entertainment, and it's made for the Visionaire Game Engine.

It automatically plays and highlights issues into builds of this studio's games. While it

does not completely reduce the load on the QA team, they can still use it to supplement

human bugtesting and reduce the workload.

Alternatively Gordillo et al. believe that human playtesters should focus on the general

experience of a game, while AI focuses on the identi�cation of bugs [76]. To that end

they used Reinforcement Learning (RL) agents to try to maximize bug coverage within

3D levels. They make it so that the agents are inherently curiosity driven so that they pri-

oritize exploration. They created large, complex 3D maps for the purposes of evaluating

the AI agents, and they trained the agents using a proximity policy organization algo-

rithm. Due to its speed and ef�ciency they were able to train and simulate 320 agents

on different machines. The agents were successful in exploring the maps, and their tool

allowed them to create visualizations of the agents' exploration. They make the claim

that a tool like this could help pinpoint locations where players could get stuck in a level

along with exploits and glitches. They want to increase the complexity of this approach

for future work by introducing things like new hazards and environmental features.

There are also some AI algorithms that can identify bugs solely on their own, especially

for bugs which are harder to �nd. For instance, It can be really dif�cult and time-

consuming to detect graphical bugs in a game, partially due to how rare these glitches

can be. Manual testing processes include humans watching camera footage of the assets

to see if anything is amiss (so called "smoke tests"), which is not the most ef�cient way

of catching these types of bugs. Ling and Gisslén decided to use deep convolutional

neural networks (DCNNs) to try and solve this problem [77]. The algorithm would be

fed an image that showed the “correct” version of a certain graphical asset, and then there

would be four images showing an incorrect version of that same asset. Subsequently the
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algorithm was trained within Pytorch, and its performance was evaluated in different test

scenes. After testing it, they found that the algorithm was able to detect 88% of bugs.

For future work, the researchers will aim to train the algorithm to recognize a wider

variety of graphical issues.

Citing that bugs have the potential of causing major grievances if they are found in a

released game, Varvaressos et al. believe that the software veri�cation technique, run-

time monitoring, can be used to quickly �nd bugs as an alternative to manual testing

[78]. This technique works by observing a piece of software during its runtime and de-

tecting deviances in expected behavior. To make it applicable to games, the researchers

took advantage of how most games have a similar structure, i.e. the use of gameloops

for the iterations of the game. Through the use of a monitoring software called Beep

Beep (a Java-based monitor for Web applications) the algorithm took snapshots during

each iteration of the loop in order to look for variances. To explore the ef�cacy of this

technique, the researchers did a case study where they examined two PC games:Pingu

andBos Wars. For each game, they identi�ed what rule violations (or bugs) would look

like, then ran tests with their runtime monitoring architecture. The test showed that the

program was able to detect both known and unknown bugs without any issues, though

the researchers are working on improving the algorithm to be more sophisticated.

Bug testing is not the same as playtesting. However, looking at the AI techniques

that have been used for bug testing purposes can help inform the strategies we use for

playtesting tools.

2.2.2 AI for Analysis and Development

Understanding player behaviour patterns in games can help designers craft gameplay

experiences that appeal to speci�c player types, and there has been research done to

classify players into certain broad typologies. The earliest recognizable example is Bar-

tle's Taxonomy of player types, which put players into categories of Explorers, Social-

izers, Achievers, and Killers [79]. There have been many other typologies since, such

as BrainHex (which divides players into Seekers, Survivors, Daredevils, Masterminds,
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Conquerors, Socialisers, Achievers) [80] and Newzoo's (an esports market analytics

company) Gamer Segmentation (in which players are divided into Ultimate Gamers,

All-Round Enthusiasts, Time Fillers, Bargain Buyers, Community Gamers, Hardware

Enthusiasts, Popcorn Gamers, Backseat Viewers, Lapsed Gamers) [81]. AI can be an

aid for data analysis purposes by identifying and modeling player types in games.

This is shown in the work of Drachen, Canossa and Yannakakis, who wanted to construct

player models forTomb Raider: Underworld(Crystal Dynamics, 2008) (also known as

TRU) [82]. They gathered player data from the engine itself via the EIDOS Metrix Suite

and through the use of the XBox Live Web Service. They got data from 1365 players

from which they extracted six features: ways of dying (opponent, environment, falling),

total number of deaths, rate of completion, and help-on-demand (which was a method

for players to request aid). They used an unsupervised learning approach called Emer-

gent Self-Organizing Maps (ESOM) which was trained using a batch algorithm. It was

subsequently able to identify 4 player types with distinct behaviors: Veterans, Solvers,

Paci�sts, and Runners. The information gained can help developers determine if the

game is being played as intended and also make adjustments to the game's mechanics.

Similarly, Melhart, Liapis, and Yannakakis wanted to explore how player experience

could be generally modeled in games across genres (with a speci�c focus on racers,

shooters, and platformers) [83]. Through general player experience modeling and the

use of telemetry data from the Affect Game AnnotatIoN (AGAIN) they were able to

derive key features from each genre and develop player models for them. Their models

had relatively high accuracy when it came to predicting behaviours and they were able

to determine that general game features can be used for player modelling purposes.

It is also possible to model player navigation, which can then be used to gain further

insights about the player's �ow through a level. Thawonmas, Kurashige, and Chen pro-

posed that they could look at movement patterns within online games and glean useful

information from it for game design purposes [84]. They used an algorithm called Self

Organization Map (SON), which uses inputs that are transition probabilities between

landmarks in a given map in order to cluster online gamers into categories, from which
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they can infer player types. The researchers then argue that this data can be taken in

order to make design decisions for the sake of player satisfaction, and for future work

they wish to improve the capabilities of the algorithm that they used.

On a similar note, inferring the behavior from in-game trajectory information can be re-

ally helpful for the implementation of believable game AI while also helping to improve

map designs. Bauckhage et al. wanted to explore the spatial behavior of players with

certain clustering algorithms (DEDICOM and DESICOM) within complicated 3D game

environments. They used Quake 3 vs Unreal Tournament 2003 for their data. They ran

two experiments, the �rst of which involved them doing spectral clustering, the second

of which involved them examining different play styles. Their results show that these al-

gorithms can provide meaningful clusters of player trajectories that can be helpful for the

purposes of design, and also that the DEDICOM algorithm is better for speed, whereas

DESICOM is better for more easily interpretable information.

There are other ways that AI can be used to understand and analyze human behaviour,

beyond identifying and emulating speci�c player types. For instance, AI can help better

understand player emotions. Roohi et al. were looking at recognizing player expres-

sions with deep neural networks and long short term memory (LSTM) via a technique

called Affect Gradients [85]. Frames of videos of players playing throughIn�nite Mario

Bros(a 2D game based on the originalMario games) would be fed into their algorithm.

From the ensuing results their expressions would be identi�ed. The results show that

this method can be used to identify expressions, but work has to be done on how it in-

terprets different emotions. For instance, when players are detected as showing happy

expressions when they're dying, it may be due to them feeling embarrassed or laughing

at themselves. On the other hand when they appear to look angry it could just be that

they're concentrated. Care would also have to be put into how faces are recorded, be-

cause if the camera is angled the wrong way the facial expressions won't properly be

captured.

Javvaji, Harteveld, and El-Nasr took note of how these types of AI methods have been

used to analyze large datasets [86]. However they also point out that this data can be dif-
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�cult to interpret for non-experts, and sometimes the data does not make it immediately

obvious to the designer what the player patterns actually are. To address these caveats

they used knowledge based abstraction and a visualization interface called Glyph on

an interactive in-development puzzle game calledDaedalus, which could be played in

Slack. They ran a study with participants who were tasked with �guring out the puz-

zles. Using their proposed technique, they were able to identify the following player

types: Early Dropouts, Arduous Dropouts, Dodgers, Resolute Finishers, and Elite Play-

ers. The data helped them �nd issues with balancing (i.e. players were dropping out

very early) along with unexpected player patterns. The results were then used to create

guidelines for abstracting raw data in order to analyze player behaviour. Their work

shows how large datasets can be made manageable with AI, along with the bene�ts of

context-driven analysis. Though one limitation is that this method is made for a very

speci�c game, so it's to be determined how well it may work on other types of games.

The identi�cation of balancing issues is one of the ways that AI can directly help the

game development process. As an example, to improve and accelerate the playtesting

process forHearthstone, García-Sánchez et al. looked into using an Evolutionary Al-

gorithm (EA) [87]. The EA created decks that were played in matches by AI versus

human-designed decks. They used a heuristic mutation operator to shorten the search

through the space of possible decks, and used the frameworkMetaStone AIto simulate

the matches. A human would analyze the playthroughs in order to �nd imbalances.

Their results showed that the AI generated decks outperformed the human-designed

ones, showing how the method works well for �nding optimal decks. They were also

able to see cards that would frequently show up in the AI decks, and from that determine

that those cards are unbalanced or overpowered. They also think that this AI approach

is generalizable for different kinds of deckbuilding games. They mention that there is

further work to be done in the future, such as optimizing the score function.

An aspect of game balancing is �netuning dif�culty, which AI can be helpful for. Roohi

et al. used deep reinforcement learning (DRL) game-playing agents for player model-

ing [88]. They did this to identify churn rates, when could then be used to infer certain
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things about the game (i.e. dif�culty of a given level) and inform design decisions.

They combined their DRL agents with monte carlo tree search (MCTS) and evaluated

the algorithm on 168 levels of the free-to-play gameAngry Birds Dream Blast. They

found that combining these techniques allowed for higher prediction accuracy with less

of the computational costs, meaning it could help developers determine how dif�cult

their levels are. Future work would include testing this process on a game in devel-

opment, instead of one that has already been released (albeit with frequent updates).

Similarly, Shin et al. acknowledge that one of the biggest challenges for match 3 games

is building levels that keep users continually interested in the game by balancing the dif-

�culty adequately [89]. The dif�culty of a level can be determined by how many moves

are needed to complete it. Their goal is to use AI to check the planned dif�culty of a

level and con�rm it via AI playtesting. They identi�ed different strategies of complet-

ing the level referred to as strategic plays. From there their agents used a policy-based

reinforcement learning method called advantage actor-critic (A2C) in order to learn the

game boards, and OpenAI Gym to update the current state of the board. In order to

evaluate this method, they usedJewels Star Storyand compared the average number of

moves it took an AI to complete each level versus a human tester. Their results showed

that the agent was highly accurate and their technique appeared to perform better than

the industry standard at the time. Thus indicating that their method was a viable way for

a designer to determine how dif�cult a level in their match 3 game is.

Not all dif�culty in games is static. Dynamic dif�culty adjustments are something that

can be leveraged to accommodate the differing abilities of players. Hawkins, Nesbitt,

and Brown noted that in order to dynamically adjust dif�culty it's relevant to consider

how likely a player is to take risks within a game. To address this, they used a particle

�ltering technique (the �lters of which use sequential MCTS methods) to try and create

idealized player models that are based off of their risk pro�le [90]. They can vary the

number of particles in the �lter in order to create agents that perform differently. In order

to get data for their models they ran a design challenge with a number of participants

where they were shown a grid of squares �lling up with dots, and they had to quickly

27



choose the one that was �lling up the quickest. This challenge helped to determine how

risky and accurate the player's behaviour was. The application of models such as these

during game development is that they can be used to help determine what dif�culty

bracket a player may fall into. Then the game can dynamically adjust its dif�culty to

that player's level. While useful, the researchers acknowledge that a limitation of the

work is how it requires some pre-existing empirical player data.

Zook et al. wanted to see if they can reduce the time-intensive expense of game bal-

ancing by automating some of the more tedious tasks [91]. They focused on parameter

tuning—a method in which designers make low-level changes to games for the sake of

balancing. They used a speci�c machine learning technique called active learning (AL),

which (in this scenario) took in game parameters as inputs, while the output was a game

parameter tuning goal. In order to validate this method they created a simple shoot-

em-up game and tested player gameplay behaviour goals and player subjective response

goals. To collect data for their model they deployed the game online and obtained data

from hundreds of players. Their AL algorithm used this data set in order to pick se-

quences of playtests that could achieve the desired design goals. Their �ndings showed

that AL helped reduce the number of playtests needed. They also pointed out the limi-

tations of this method, such as how the game they chose was convenient for this method

and may not be suitable for more complex scenarios. Overall they believe that this work

is a good �rst step when it comes to using AI to aid in game design tasks.

Lastly, AI can be used to build levels. As an example, it can be dif�cult to determine

what makes a good level in a physics-based puzzle game, and dif�cult to test for playa-

bility (which is whether or not players are able to complete the level). Shaker, Shaker

and Togelius presented a tool called Ropossum [29] which lets designers edit procedu-

rally generated levels for the gameCut the Ropeand ask AI agents to solve them. The

tool also makes suggested modi�cations so that the �nal design is deemed playable. The

system contains an evolutionary framework (using Grammatical Evolution) for procedu-

ral content generation (PCG) and a physics-based playability module to solve the game.

When it comes to the agent, it infers the next best action. If the sequence of actions

28



doesn't lead to winning the level, the agent backtracks. A state tree is generated that

represents the actions and states explored. The method worked well for the purposes of

these researchers, however the application of this method is limited to just this speci�c

game. Further research into these types of tools for a wider range of game genres could

be invaluable.

2.2.3 AI Simulation Testing

It's possible to use AI as a stand-in for human participants when it comes to playtests.

While this application of AI is more recent than data analysis with AI, there has been

some notable literature covering the bene�ts and challenges of such an approach.

One of the promising applications of AI testers is that they can be used to simulate

different player personalities. Holmgard et al., while acknowledging how dif�cult it is

for game designers to get an understanding of how players react to their ingame content,

proposed using archetypal generative player modeling for game testing [92]. They called

this approach "Procedural Personas for Playtesting". They evolved agents to play the

rogue-like turn-based game calledMiniDungeons 2. It makes use of MCTS, but with

generative programming. By running the tests they were able to identify four player

archetypes: Runners, Monster Killers, Treasure Hunters, and Completionists. Their

agents were able to ef�ciently and robustly play the game with distinctive playstyles.

The information gained from watching these agents can help in�uence a level's design.

Future work could look at improving complexity and incorporating human data for the

playstyles.

Ariyurek, Surer, and Betin-Can wanted to expand the applicability of these personas in

order to make playtesting a more feasible process [93]. Original personas are rigid in

what they can emulate, and they may stick to speci�c goals or "rewards". They pro-

pose an RL APF (alternate path �nder) method in which the agent is encouraged to

explore more expansively, and gets punished for visiting previously visited states. This

approach is known as goal based personas. These can be used for personas that have to

change their personality type during a playthrough, i.e. they could focus on defeating
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enemies, and then switch to collecting treasures. They evaluated and tested their game

on GVG-AI and VisDoom environments. The result shows that the designer can use this

method to see how different kinds of players can interact with their game. Though one

of the big limitations with this work is that it only works on games that a RL agent can

play. For future work they wish to experiment with more persona types along with 3D

environments.

Making simulation AI behave like humans can be a big challenge. On that note Gud-

mundsson et al. noticed that a lot of AI game playing methods don't take into consid-

eration player data from already released games [94]. They decided to leverage player

data to create more human-like behaviour with the use of convolutional neural networks

(CNNs), which they deemed a promising solution. They trained agents onCandy Crush

SagaandCandy Crush Soda Saga, and they focused on predicting the dif�culty levels

of match-3 games in order to help with game design. The approach allowed them to

�gure out the dif�culty of a given level in minutes, whereas it would've taken days with

human testers. They've been using this method extensively in hundreds of levels and the

accuracy of the predictions have been stable.

An alternate approach to make AI perform human-like is what Zhao et al. proposed [95].

They think that in order for agents to behave human-like in-game there needs to be an

emphasis on two components—"skill" (how good they are) and "style" (how they play).

They used four different use cases where they trained the agents with skill and style

in mind. Two of the case studies centered around playtesting AI agents, whereas the

other two focused on game playing AI agents. For the former, they tested the experience

for different play styles and to measure competent player progression. For the latter,

they looked at human-like progression of an open world game, and game-playing AI

assistance. They found that the techniques they used for different case studies varied,

and that RL algorithms can't go from the benchmark to the real thing without heavy

parameter tuning. In a similar vein, Glenn and Brunstad wanted to explore the degrees of

skill players can demonstrate for games likeYahtzeethrough the use of AI testers [96].

They used supervised learning, based on neural networks, in order to have AI agents
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play through the game. The AI achieved highly optimal scores, though they mentioned

that the results could be further validated, and for future work they were thinking of

incorporating RL.

These AI testers can be used to play complex games and identify game breaking scenar-

ios that humans may not have found. They can also be helpful with identifying game

balancing issues, especially since the use of agents can allow researchers to run thou-

sands of tests in a small amount of time. This was shown in the work of Silva et al.,

who wanted to explore the applicability of AI agents in playing board games [97]. They

used theTicket to Ridegame as a test scenario. Due to the complexity of the game they

were not able to use established algorithms such as A* or MCTS, so they had to create

their own custom agents. They examined common playstyles and crafted 4 distinct agent

types, each with their own playstyles. After simulating 110,000 matches they examined

the results, and were able to �nd out useful information such as which agents were the

best strategic choice for which game maps. They also found unique game-breaking sce-

narios that may not have been found without the use of AI. Similarly Silva et al. were

tasked with running playtests on pre-release builds of theSims Mobile[98]. In order to

bypass the slowness of the game—which relied on things like �nger taps to progress—

they took the base mechanics and parameters of the game and created a separate version

that had just those elements. They then used the A* algorithm for agent decision making.

What would take testers days of organic gameplay would only take their AI minutes, be-

cause they were able to run thousands of tests. This also allowed them to explore various

questions the designers had for them, such as whether there are signi�cant imbalances

within the different relationship categories—and their �ndings showed that it seemed to

take too long for sims to enter romantic relationships. So designers were able to look

at this information and actually make changes to the mechanics accordingly. For future

work they discussed MCTS as being a possible viable alternative.

There are also other tools created for the purpose of making AI playtesting more ac-

cessible for independent studios, similar to PathOS+. Keehl and Smith created Monster

Carlo 2, which they claim can help independent studios conduct playtesting [99]. They
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combined Monster Carlo with Unity's MLAgents toolkit–combining search-based ma-

chine playtesting with the ability to learn through examples. With this they crafted a

framework that can mimic powerful autonomous agents such as AlphaGo, while also

being able to directly work with Unity's systems. In the previous paper that discussed

Monster Carlo, the tetris-esque gameIt's Alive! was used, which the researchers decided

to reuse in order to conduct a fair comparison. They conducted thousands of playtests

using many different datasets. While the results weren't as promising as the researchers

hoped, they believe that in the future their work could be improved upon by increasing

the capacity of their neural networks and better tuning the hyperparameters. They still

believe that the concept they explored is bene�cial.

There also exists commercial tools speci�cally for the Unity engine that help to facil-

itate player simulations. One of those tools is Unity game simulation, a cloud-based

service created by Unity themselves that allows developers to run simulations of their

game, primarily with the focus of game balancing [100]. Another is GameDriver, which

supports automated testing for Unity games, with more of a focus on quality assurance

[101]. While these tools are able to simulate a wider variety of genres than PathOS+,

they do not appear to combine testing with expert analysis like PathOS+ does.

2.2.4 AI and Visualization

Visualizations can be powerful in that they allow for easier analysis of complicated data,

such as large scale playtesting data that may be dif�cult to analyze ef�ciently. Visual-

izations can help make information easier to parse.

There already exist techniques for creating computer visualizations of playtesting data.

An example is demonstrated in the work by Wallner, Halibi, and Mirza-Babaei [102].

These researchers proposed an aggregated visualization approach that takes advantage

of clustering, territory tessellation, and trajectory aggregation techniques. They decided

to go with aggregated visuals because they can be less cluttered and easier to read. In

order to test how well this approach performed, they recruited six testers to play through

In�nite Mario , a 2D game based on the originalMario games. From these play ses-
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sions they collected in-game data, physiological data, and observational data, all for the

purpose of better understanding the player's behavior within the game. They then had

two visualizations of this data: the non-aggregated version, and their own aggregation

method. They recruited 9 games industry professionals whom they conducted expert

interviews with, and also incorporated rating scales to evaluate each of the visualization

techniques. The results showed that overall the aggregate visualization approach was

more readable, more positively reviewed, and was rated as slightly more informative.

Though there are still improvements that could be made to this approach, with a noted

limitation being that level information would get obscured by the visualizations.

Such visualization methods can be used on AI playtesters, and there are some exam-

ples of visualization techniques combined with AI. For instance, visualization data has

shown to be immensely useful in making information gathered from AI testers easier to

comprehend. As an example Agarwal et al created a web-based visualization tool show-

ing the navigational behavior of agents for testingSonic the Hedgehog 2(Sega, 1992)

[103]. They used the Neuro Evolution of Augmenting Topologies (NEAT) algorithm in

Python to train agents to play the game alongside the Open AI Gym environment for

the agents to play the game. This was then used to create visualizations, and the visual

aggregates of the data showed the researchers what parts of the level agents were having

troubles with, whether agents were able to �nd the secret paths, the basic trajectories of

the agents, and so on. This information is highly useful to designers, who can then make

improvements to their levels based off of it.

Similarly, while pointing out that one of the most effective ways of understanding dy-

namic interaction processes is by viewing the data sequentially, Agarwal, Wallner, and

Beck set out to create a timeline based visualization approach that allows developers to

examine the strategies and decisions of their AI agents [104]. The tool (dubbed “Bomba-

lytics”) is based aroundPommerman, a variant of the classic gameBomberman(Hudson

Soft, 1983). Their main goals were to give developers: an overview of event sequences

in a game, a visualization of local patterns and repetitions, and an overview of a compe-

tition in a set of games. They accomplished these goals through incorporating various
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visualization features such as a high level overview of the simulations, sequential time-

line showing the steps in each simulation, and lifespans depicting actions relating to

speci�c game objects. They gave an online questionnaire to 20 AI and analytics experts

with varying levels of experience in order to validate the tool. The results of this study

showed that while the tool is usable and helped in the understanding of agent behavior

and performance, there is a tradeoff in how to provide useful information without the

interface becoming overly complicated. Keeping the interface suitably decluttered can

be an important thing to consider when crafting visualization tools.

In terms of AI tools that help streamline the analysis process when it comes to large

player datasets, this is shown in the work of Braun et al. They noted that in the mas-

sively popular multiplayer gameOverwatch(Blizzard Entertainment, 2016) new players

may feel too daunted to join due to the high skill level required for the characters in the

game (dubbed “heroes”) [30]. They created an online game data mining algorithm with

the goal of providing players a means by which to con�rm how they are performing in

comparison to other players through the use of clustering and visualization techniques.

They also wanted to provide a general understanding of how these statistics may af-

fect chances of winning. This method took data from current players of the game and

clustered the data per hero using an IOS app called SiteSucker. They used an intelligent

computation model to analyze the data and �x any quality related issues (such as missing

or wrong data). Once the dataset was completed it got mined by an af�nity propagation

technique and the algorithm churned out plot graphs that depicted different gameplay-

related metrics. While this approach can help individual players become more informed

and possibly better at the game, as of the publication of this article the researchers are

looking into ways of incorporating the data mined knowledge to maximize team win-

nings, and also incorporate machine learning.

As of now there are AI visualization techniques that are used in the broader �eld of

analytics that have potential to be promising within the games industry. Despite that

there is more work that could be done with how AI visualizations are used in games.

With that in mind, tremendous strides have been made to show the bene�ts of visualiza-
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tion techniques with player data and its analysis capabilities. Aspects of the PathOS+

visualizations are based off of some of this information.
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3 | The Development of PathOS+

This chapter goes over the entirety of the developmental process of PathOS+. This

covers the features of the original PathOS, the study conducted to identify which new

features to incorporate, and the changes made to create PathOS+.

Figure 3.1: Overview of PathOS runtime interface and level markup

3.1 Original PathOS

PathOS was originally created to help with the level design process. The goal was

to achieve this by providing level designers with useful information by facilitating AI

playtests of the levels that they created. Ideally this information would allow the user

to see things like hot spots within their level, areas where players may get stuck or lost,

and so on. This way they could see if potential players would behave as intended, or if

anything needs to be adjusted. Figure 3.1 shows an overview of PathOS.

One of the key objectives of the tool was to make playtesting a less burdensome process.

It was also intended to be accessible for game designers, and generalizable so that it

could apply to different genres of games. With this in mind, Unity was chosen as the

game engine for the tool to be built in, as it is popular and accessible for independent de-

velopers. Written in C#, PathOS makes use of Unity's physics and AI system, including
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the NavMesh which allows Unity's AI agents to traverse through level geometry.

The entire project is free and open-source, with the �les available on Github for anyone

to download. Incorporating the tool into an existing project is a relatively straightforward

process. Once the �les are downloaded from Github they can be copied over to within

the �le structure of the Unity project in question. From there the PathOS elements—

known as “prefabs”—can be dragged and dropped into the game scene in order to be

used. These prefabs include everything necessary to run simulations, such as the PathOS

Agent, the PathOS Manager, and the agent camera. Alongside these �les is a demo

scene, depicting how PathOS works in a typical game scenario to act as an aid for users.

The rest of this section covers the different facets of PathOS and how they function, with

emphasis given to the interface, the agent, and the existing visualization features.

3.1.1 PathOS Interface

Since the primary target audience for this tool was game designers, the interface had

to be such that it was easy to use while also obscuring the more complicated backend

functionalities. In order to achieve this, PathOS's interface elements were seamlessly

integrated into the Unity game engine. As an example, the inspector—a key aspect of

the Unity interface—is used to allow users to edit modi�able properties without needing

to dive into the code. This combination of unique PathOS elements with the familiar

Unity interface is intended to help lessen the learning curve for the user (as long as they

had prior experience with Unity) while also supporting their work�ow. This section goes

over each facet of the PathOS interface and explains each in detail.

Level Markup

Objects pertinent to the gameplay in the level need to be marked by the user as an “entity

type”. This is so that the AI agent can identify what it is looking at, whether it is an

enemy, a resource, a goal, or something else entirely. Each entity type is represented by

their own unique icon that is shown in the inspector in the level markup tab. This icon

shows up on the entity in the Unity sceneview if the user has Gizmos enabled (which is
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recommended).

In the level markup tab of the PathOS Manager every possible entity is shown along-

side their respective UI Icon. This part of the interface uses a point-and-click system,

in which the user chooses the entity that they are interested in, and then they click on

a gameobject in the Unity scene to mark it as that entity type. In this mode, the brush

is referred to as “the markup brush” since, instead of functioning like a cursor, its func-

tionality is more akin to a paintbrush. Figure 3.2 shows this process in detail. This part

of the interface also shows a list of all the current entities within the game level, which

the user can then modify or delete at their will.

Figure 3.2: Overview of how items get marked

Runtime Interface

Simulations can be run by pressing the play button, which comes with the Unity inter-

face. While a simulation is running several UI elements are shown within Unity's game

view window. Within the window, if the agent is selected in Unity's hierarchy, it will

show their �rst-person camera view in the bottom right and their mental map on the

bottom left. The camera in the game window shows a bird's-eye perspective of the level

that allows the user to pan through the game view and change how zoomed in the camera

is to the agent.

For each in-game entity there is an icon shown to represent whether or not the AI has

interacted with it: an eye if the agent is currently looking at it, a brain if that entity is

not visible but is located in memory, and a red x if the agent has already interacted with
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it. There is also a legend that can be toggled on and off. All of these elements exist

to provide users with feedback so that they can understand the agent's rationale while

also supporting real time observations. As an example, the mental map shows where

the agent has gone so far. Looking at it can allow user to see if a particular part of the

level remains unvisited, indicating that something may be dif�cult to get to depending

on their intention.

Behavior Customization

After the PathOS Agent is created—typically through dragging and dropping the PathOS

Agent Prefab into the scene, or copy-pasting the PathOS Agent script onto a gameobject—

the user can modify aspects such as the movement speed and camera. This part of the

interface also allows the user to customize the agent's personality.

Within the Unity inspector a slider is shown for each personality attribute (experience,

curiosity, achievement, completion, aggression, adrenaline, caution, ef�ciency) for the

selected agent, representing the range for each attribute. The user can modify these at

will to change what the agent's personality is. For instance, if they want to see how

an aggressive player type may play through their level, they can make the aggression

attribute value high, and the caution value low. User also have the option of creating

custom personality pro�les, which are preset values that they can use to generate agents

that fall within a speci�c personality type. Several default ones are already present within

the Unity project (explorer, completionist, aggressor, novice). Attribute values can also

be randomized if they so prefer. Lastly, the user is empowered to modify the scoring

matrix for the attributes within the interface as well, if they wish to change anything

about how the agent interacts with any of the given entities.

Batch Tests

While users can run individual agent simulations, they can also run simulations with

multiple agents at once. In PathOS this is referred to as batch testing. This part of the

interface is represented as a separate window that the user can open up by selecting
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“Window” in the topmost toolbar and then clicking “PathOS Agent Batching”.

Within this window the interface allows the user to determine how many agents they

want to simulate, and whether they want to simulate multiple agents concurrently, or

just simulate them one at a time. They can select a preexisting agent prefab located in

the scene as an agent reference. There is also a slider that allows them to specify the

timescale. When it comes to the agent personalities, all the agent attributes are shown,

and users have three options: they can set �xed values for each attribute, speci�c ranges

for each attribute, or use one of the prede�ned custom personality pro�les to dictate the

agent personality. Once the user is done modifying these values they can choose to start

the simulation, and there is also a button that lets them stop it at any time.

3.1.2 Visualization Features

Figure 3.3: PathOS visualizations (from left to right): heatmaps, individual path, and

entity interactions

PathOS also contains various visualization features meant to help the user with analy-

sis purposes and help them better understand the agent playthroughs. The visualization

components are located within the PathOS Manager prefab and are represented in the

interface as panels that have modi�able variables. In order to make use of the visualiza-

tion features, agent “logs” have to be recorded. To do so the user must enable logging

and select a folder where these logs �les would be saved. The logs are excel �les that

record the agent's position and rotation throughout the simulation.

This data is then loaded back in for the visualization features, which can take various

forms. These visualization types can be enabled and customized via the interface in the
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visualization panel. It is also possible for all of them to be enabled at the same time,

layering on top of one another. The simulation data for multiple agents can be loaded

concurrently, and the visualizations show the combined information for all the agent data

currently loaded in and enabled. All of these visualizations appear on top of the level

geometry in the Unity sceneview, and they can also be raised to different heights. An

overview of these different types can be seen in Figure 3.3.

The �rst visualization type is heatmaps, represented with tiled squares (the size of which

can be modi�ed). These heatmaps can be adjusted in terms of the transparency (the

alpha) and the gradient that is used (which color represents high density versus low

density). The second visualization type is the individual paths. This shows an agent's

trajectory throughout the level, and can be modi�ed in terms of the color of the path

itself and whether the user wants to only see speci�c trajectories. The last visualization

type is entity interactions. These show 2D circles on in-game entities that the agent

has interacted with. The size of the circles are dependent on how long the agent spent

at that interaction, along with how many agents interacted with that entity. Modi�able

properties include the gradient and whether there are labels of the entities shown for

each circle.

For the visualizations overall it is possible to set a time range. This range makes it so

that only the relevant data for a speci�c part of the simulation is depicted. Designers can

also modify which parts of the visualizations they want to see, and can remove any data

that is loaded into the Unity scene at will.

3.1.3 PathOS Agent

Figure 3.4: High level overview of how PathOS agents function

The PathOS Agent prefab is built up of multiple different components, which include
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the C# scripts (PathOS Agent, PathOS Agent Memory, PathOS Agent Eyes, and PathOS

Agent Renderer), Unity's NavMesh agent component, and the agent sight camera. All

of these different elements work in tandem in order for the agent to function the way

it should. The following section breaks down these different components in order to

explain the functionality of the agent, with particular focus being given to the agent's

sight, memory, and decision-making. Figure 3.4 shows an overview of the PathOS agent

functions.

Sight

The goal of the PathOS agent is to predict and simulate player movement through 3D

terrain. In order to do so agents have to have adequate information about the game world.

Especially since the objective is to make the agent behave in a humanlike manner, this

means imperfect information. The agent is not omnipotent, and does not automatically

know where every entity was located. Part of how this was implemented was through

the simulation of the agent's sight.

Sight is simulated through a point-of-view (POV) camera attached to the agent. Through

the use of Unity's physics and rendering systems, the agent is able to gain basic spatial

information through a series of rays that are projected from the camera as the origin

point. These rays serve two purposes. Firstly, by casting out rays along different sight-

lines, the agent gets a rough estimate of what the explorable space and level boundaries

are. Secondly, if the rays intersect with a level entity within the agent's POV and is

not occluded by any geometry, that entity is marked as visible until it leaves the agent's

POV. This information helps the agent form a mental model of the level then make deci-

sions and explore accordingly. As an example of a potential use case, an overly cautious

agent may use information on the location of enemy entities to �gure out which routes

to avoid.

One thing to note is that this isn't a wholly accurate simulation of player vision. This

system does not take into account aspects such as colour and in-game lighting. These are

elements that affect whether or not a human player is able to see something in a game
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level, but are omitted for PathOS. What we do with rays is adequate for our purposes, but

it's also possible to expand the sophistication of the agent sight using techniques such as

computer vision for future endeavours.

Memory

Another necessary component for simulating humanlike navigation is to have a repre-

sentation of human memory. How a human player remembers aspects of a level can

in�uence how they choose to explore it, such as whether they remember where key en-

tities are located. In order to do this we gave the agent a simple memory model that was

split into spatial memory and entity memory.

Spatial memory is how the agent keeps track of level geometry. This information is

stored in the agent's memory map, which is made up of the information gathered from

the raycasts. It is also displayed to the user via the tile-based mini-map that shows

up in the bottom left of the Unity game view window, so that user are more aware of

the agent's perception and process. Additionally, it is also used for the agent's route-

planning. While agents use Unity's inbuilt NavMesh system to travel to destinations,

this does not take into account contextual information relating to entities that may be

along the way. In order to calculate desirable routes with this in mind, the data from the

agent's mental map is used with an implementation of the A* algorithm so that the agent

can way�nd based off of their motivational properties.

On the other hand, entity memory is how the agent keeps track of level entities and

their location. Within this memory the agent remembers what the entity type of each

level entity is, and also its position. In order to better mimic the imperfect nature of

human memory, this information is not permanent in the agent's memory. Instead the

information can be mutated and lost, similar to how humans can lose mental information.

The way this functions is based on short-term memory, long-term memory, and memory

recall.

Short term memory is when mental information is stored temporarily and in limited
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capacity, but before reaching this point information passes through something called

iconic memory. For something to pass from iconic memory to short term memory it has

to remain in focus for more than a certain amount of milliseconds. To mimic this in

PathOS entities are only stored in the agent's short term memory if they are perceived

for more than a couple of milliseconds. Another thing to note is that the storage of

short term memory is based on the experience level of the agent, similar to how in

real life more experienced gamers may be better able to remember pertinent in-game

information. Thus the agent's short term memory can vary from three to �ve entities

respectively.

Long term memory is where mental information is stored semi-permanently. For some-

thing to be transferred from short term memory to long term memory it has to be in focus

for a while, usually through the process of memorization. To mimic this in PathOS enti-

ties are transferred to long term memory if they are within an agent's sight for a certain

amount of time. If the entity is out of sight before getting transferred to long term mem-

ory, it starts to “decay” and will eventually be forgotten. Once in the agent's long-term

memory, it is still possible for an entity to be forgotten, but it takes a much longer time.

Lastly, recall is how information from the memory storage is brought to the forefront.

For humans this process involves a mental cost, especially with a larger amount of re-

membered items. This is shown in PathOS through the insertion of extra time to recall

information when there are more items stored in memory. Additionally, noise is inserted

into the agent's recall of entity locations that are not currently in sight. The noise helps

make estimates on where entities are located more imprecise, similar to the imperfect

nature of human recall memory.

Decision-Making

During traversal the agent makes decisions––in the form of mathematical calculations–

–to decide where it wants to go. These calculations primarily consist of the agent looping

through available target destinations, and picking the most suitable one for the sake of

simulating navigation that is authentic to its motivations.
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Target destinations can be of two types, that being entity destinations or exploration

destinations. Entity destinations are where the level entities are located. The calculations

determine which entity, from the list of potential entities in the agent's memory, the agent

will navigate towards. Once that location has been visited, that entity will no longer be

considered as an entity that could be targeted for visitation as interactions in PathOS

are one-time occurrences. On the other hand, exploration destinations are not tied to a

speci�c entity, rather they can be any point on the traversable level geometry. They are

chosen based on the direction of the agent and the farthest point they can reach, and can

act as alternatives to entity destinations.

Entities can take nine different types in PathOS, and are based off of existing literature

on types of entities in video games. They are also static, meaning that an entity cannot

change type during the duration of the simulation. The entities can be goals, hazards,

resources, POIs, or NPCs. These types are shown in more detail Table 3.1.

Whether or not the agent goes towards one of these entities, or an exploration target, is

based on a scoring function. The calculations of this scoring function take into account

the entity type along with the values for each of the agent motivations as de�ned in the

entity motive matrix. These attributes are based on existing literature on player psy-

chology. They can be edited via the normalized personality sliders within the interface,

which are shown in greater detail in Table 3.2.

The value assigned to each of these motivational attributes factor into the scoring func-

tion. A (customizable) scoring matrix is used to de�ne the relationship between the

entities and each attribute. The equation can be summarized by the following:

Score = entity score + bias

The entity score is based on the agent's current location, with the direction to the desti-

nation being factored into the calculation. It helps determine the desirability of traveling

to this destination.

The bias represents the inherent value of the target destination. For exploration targets

45



Icon Type Description

Optional Goal Objective not necessary for completion.

Mandatory Goal Object necessary for completion.

Final Goal Final objective for the level.

Enemy Hazard Entity that acts as a threat to the player via combat.

Environmental Hazard Entity that acts as a threat to the player via the envi-

ronment.

Achievement Resource A boon, like a collectible.

Essential Resource A boon, like health potions.

Point-of-Interest (POI) An entity that does not serve a speci�c function, other

than being an interesting location or object.

NPC A non-playable character that the player can interact

with.

Table 3.1: Breakdown of the entities
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Attribute Description

Curiosity Represents the player's drive to obtain in-game rewards, drawn to

all the goals and Achievement Resources.

Achievement Represents the player's drive to see all aspects of the game world,

drawn to POIs and NPCs.

Completion Represents the player's drive to complete everything, similar to

Achievement, drawn to most entities.

Aggression Represents the player's drive to dominate through combat, drawn

to hazards.

Adrenaline Represents the player's drive to dominate through environmental

factors, drawn to hazards.

Caution Represents the player's drive to keep themselves safe, drawn to

preservation resources.

Ef�ciency Represents the player's drive to �nish the level as quickly as pos-

sible.

Table 3.2: Breakdown of the personality attributes
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it's 0, and for entity targets it is the sum of all the scores in the row of that speci�c entity

in the matrix, multiplied by the value of its motivational pro�le. This bias is scaled

by a variable that allows the agent to prioritize entities that are closer to its current

location. Once the target destination is determined after comparing scores, the agent

begins moving towards that destination. This scoring function is run intermittently, and

the agent has the ability to reconsider and backtrack to further mimic player behaviour.

3.2 Reexamining the Original Study

Figure 3.5: The original PathOS Manager inspector
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Originally, after PathOS was completed, a study was conducted to evaluate it as a level

design aide [105]. The results were promising. Many participants thought the tool was

easy to use and useful for both user experience (UX) and quality assurance (QA) pur-

poses. There were also numerous suggestions made from which we created a changelist

of the most promising suggestions, including quality of life improvements and additional

features. Now that it's time to introduce the next era of PathOS, it came time for us to

reexamine this original study in order to glean what information we could to transform

PahOS into a suitable expert evaluation tool.

The participants of the original study came from very different backgrounds. There were

six industry professionals (P3: Tracking Data Manager, P4: Machine Learning Expert,

P5: Data Tracking Manager, P6: Programmer, P8: Programmer, P9: Programmer), two

students in GUR (P1: Graduate student, P10: Graduate student), and a consultant (P7:

UX Researcher). One of the participants (P2) was not able to complete the study so their

data was omitted from analysis. All the participants completed a pre-test questionnaire

and interview in order to gauge more information about them, including demographic

information. They then had PathOS demoed to them so that they were familiar with its

functionality, and were given the manual so that they could be familiar with all of its

content. During these initial stages the participants were given their task, in which they

had to use the tool to create and playtest three unique levels. They were given a prompt

for each one (a level for aggressive players, for example). Once the remaining nine

participants completed this task, they were interviewed again to learn more about their

experience with the tool. These interviews asked them to explain their created levels

and design process, along with their experience using the tool. We recorded and later

transcribed these interviews. It was these transcriptions that were used for the analysis

process of PathOS+.

After reexamining the transcripts through the context of expert evaluation we noticed

some interesting things. Participants made suggestions that were pertinent to not only

the general improved usability of the tool, but also expert evaluation. We went through

these transcripts and re-coded them separately, and then combined the results. We chose

49



not to use a reliability test because the goal was not to con�rm the same �ndings. Instead

the goal was to identify as many potential ideas as possible that could be useful for the

betterment of the tool and expert evaluation. The following describes what we found. As

an aside, there were other features integrated for the purposes of expert evaluation, but

they are explained in detail in the next section. The rest of this section is just what we

could extrapolate from the original study. The following information was also covered

in one of our previous publications [106].

One of the issues that was the most prevalent—pointed out by six participants (P1, P3,

P6, P7, P8, P9)—was that navigating through the different features of PathOS was in-

convenient. The features of PathOS were located in different gameobjects (along with

the separate menu option for the batching), so if participants had to make use of a spe-

ci�c feature they had to make sure they clicked the correct option in the inspector, or

opened the correct window. This was a little confusing. P7 mentioned the dif�culties

they had �nding features by saying, “I had a huge trouble getting the markup to open.

And even now I still don't... I found it once and now I don't know where it is. . . . I read

through [the Manual] and I still had trouble �nding it”. P9 commented on the batch

window by saying, “being able to have [the batch window] in the inspector or something

would've been nice. Otherwise it's just �oating here, it's always covering stuff”. There

were participants who discussed how having a centralized location for all the features

would be greatly bene�cial. P3 said in regards to the confusion, “[That's] a Unity hier-

archy problem... when you build something like that it does start to get cluttered.... Like

the navigation tab for instance, is very useful... So if there was an AI tab for instance,

just hit that and it brings up the manager”. Similarly P8 said that, “Honestly I feel

like just having a permanent separate window for PathOS. . . for everything, would be

amazing”. Even though this is not directly related to expert evaluation, expert evalua-

tors would still bene�t from a tool that is organized with all the key features in a single

centralized area. It would probably help make their work�ow more ef�cient. For that

reason, one of my goals was to make a centralized window for all the PathOS features.

There were some other smaller usability features that I implemented to improve the ease
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of use for PathOS+. For instance, PathOS came with a timescaling feature that wasn't

immediately recognizable to the participant. This meant that participants were missing

out on a very useful and time ef�cient feature, especially for analysis and observation

purposes. To exemplify this, P1 said, “I really wanted a timescale slider, so that I could

just set the timescale to 8 and let him go one playthrough”, and similarly P8 said, “there

really needs to be a fast forward tool”, both without realizing that the feature already ex-

ists. For that reason I decided that making time-scaling features more prominent would

be bene�cial for PathOS+.

Another feature that needed usability improvements was the markup brush. In particular,

there were two key changes that participants wanted to see. Firstly, while marking up the

entities in a level, the participant may need to adjust the camera angle to better position

the markup brush or get a better look at the surrounding geometry. The problem is that

in doing that (by pressing alt and left-clicking) they would deselect the markup brush, so

the selected entity for the brush would disappear. This was an annoyance for participants,

in particular for P5, P9, and P10. P10 stated “The thing I noticed is that because I have

to mark, I have to move sometimes. And when I move it ends up deselecting the markup

options”. Additionally, some participants (P1, P3, P5, P6, P9) felt that the whole process

could be more streamlined. Speci�cally, they wanted ways of marking multiple entities

at once. P6 said, “I think it'd be interesting. . . if I could search and then select all

of the enemies and click a button to mark them all as an enemy, instead of having to

click on them individually. 'Cause the way I was doing this was I was designing the

level, and then positioning the camera, clicking on all of them”. On the topic of mass

tagging entities, P5 notably stated, “When I was trying to mark all of these gems here

it was pretty time consuming, and any miss like that and now I've marked the ground,

and I'm like I gotta undo, and now that I've undo-ed I missed the thing, and I was

like oh now I've clicking on something else, I gotta �nd it again. . . You can see how

manually clicking on smaller objects can get frustrating really quickly". The general

consensus was that the current setup was time-consuming and frustrating, so I decided

to explore possibilities of easing this burden on users. While these things aren't directly
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related to expert evaluation, they still end up affecting the expert evaluation process. It's

possible that an evaluator may have to set up the game level that is to be analyzed, or

they may want to experiment with the level markup to analyze different possibilities.

Whatever the case may be, streamlining this process and improving its usability means

that the evaluator would have a much quicker and easier time getting the level set up for

analysis.

I also wanted to explore how to expand the way PathOS simulated games. At this stage

the entity interactions were an abstraction. For instance, when the AI interacted with

enemies they did not lose any health, so there were no consequences like there would be

in a real game. This was something I felt would be important to include, as these types

of interactions and consequences could affect player behavior in real-life scenarios. To

really emulate humanlike behavior it would be good to have the AI be in�uenced by such

factors as well. This desire was re�ected with how participants mentioned wanting more

complex interactions, in particular in relation to how resources would factor into agent

behavior (P1, P3, P9). For instance, P1 stated, “I think maybe the tool would bene�t

from being able to let the user create, like a list of resources. . . And then visiting certain

objectives would lower certain resources”. Similarly P9 said, “I started putting down

some health stuff after �ghts. And then I realized that there probably isn't too much logic

behind the agent either getting the health before a �ght or healing back up after a �ght.

Or for how dif�cult a �ght would be. . .” When asked about a risk/reward system, they

responded, “Yeah, I think that could be helpful for it, for at least getting closer to how

a more indepth game would fully structure things”. I used this feedback to determine

how to add increased complexity to the agent behaviour in PathOS+.

The biggest issues highlighted through this reexamination of the transcripts were that

the visualization features had to be improved. This was very evident by how most par-

ticipants were not aware of the visualization, or that they had troubles using it (P1, P5,

P6, P9, P10). I chose to focus on these issues as it directly ties into expert evaluation

via the tool's analytical capabilities. Figure 3.5 shows what the old manager inspector

looked like, where features like the level markup and the visualizations were located in
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the same place. The following are the key visualization-related suggestions that were

identi�ed.

Four participants (P1, P6, P9, P10) struggled with the agent logging features, and wanted

the process to be more streamlined. Some participants were not initially aware that

logging had to be enabled, and an output destination �le had to be selected in order to

log data. This was described by P10, who said, “The only thing is I forgot that this

was an option, like enabling logging. So at �rst it wasn't enabled and I'd go to the

folder and like why is there nothing in the folder? So maybe having that enabled logging

set up by default”. Participants like P1 mentioned how it would be nice if there was

a default output �le, saying, “Maybe [setting up the logs] could be streamlined a little

bit. . . having to manually go in and select an output destination for your logs. Like

maybe just have a default”. P9 talked about how some of the UI features could be more

clear, speci�cally referencing how logs are loaded in by saying, “Having to then click

[Add �les from] for the log. 'Cause I didn't realize at �rst. I thought this was the

[Browse] button had changed to show the scene, and not that it was [Add �les from]. It

was just a thing that I missed for the �rst minute or something like that, I was like why

is nothing showing up”. By streamlining the process of logging and recording agent

playthroughs, I will be making the visualization features more accessible and easy to

understand for users.

Some participants talked about how the data that the visualization showed could be im-

proved in terms of clarity and additional features. For instance, three participants (P5,

P9, P10) noted that when it came to reviewing the individual paths, it was a little dif�cult

to determine what direction the agents were moving in. A discussion was had with cer-

tain participants on whether they'd like to see directional arrows on the individual paths.

To this P5 said, “If people are having more of an open-world environment, then I think

yeah it would be more helpful. But if it's more of a linear experience then it's probably

not necessary”. P9 said on this issue, “When you're looking at the interactions with one

of the timelines, you can't really tell when that was happening. Which just goes back

to the thing of not having time context for the lines or interactions”. This brings us to
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the next point, which is that PathOS+ could bene�t from displaying more time-sensitive

information. In relation to P9's quote, they were asked, “So do you think it might be

useful to say have like on mouseover of a part of the path to maybe show a timestamp

or something like that?” to which P9 responded, “at least on the interactions... Like

you could just put [time stamps] beside the platforms or things like that”. By making it

easier to parse the visualization data and glean more information on what the agent was

doing, we would be streamlining the analysis process of agent data, thereby making it a

more ef�cient way to make conclusions.

Some other suggestions were in relation to the heatmap functionality, such as P6 who

said, “It might be cool to export the heatmaps as an image or something you can view

outside of Unity. . . Or just move the memory map view to its own editor window and

just render it out as a texture each frame, save it over time. But de�nitely tools to export

and import data into different programs. . . and take your heatmaps and put them in

presentations... I think there's a lot there”. Considering that expert evaluators may want

to use screenshots of their work as they present their �ndings, I chose to implement this

for PathOS+.

I also determined some other features to add speci�cally relating to conducting expert

evaluations based on existing literature, which are detailed in the next section.

3.3 PathOS+

I began development of PathOS+ soon after analysis was completed. Below is a break-

down of the features and changes that ended up in PathOS+

3.3.1 Centralized Window

Unity Editor Scripting is a way of coding within the engine that allows users to create

custom interfaces while offering great �exibility. This was heavily used in order to adjust

the existing UI of PathOS+ features while also creating the centralized window (dubbed

the “PathOS+ window”). The centralized window went through numerous iterations,
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Figure 3.6: The navigation bar located at the top of the centralized window

with what is described here being the iteration in the most recent version of PathOS+.

It's also important to note that the user can still choose to use the regular inspector

interface for the different PathOS+ components—the PathOS+ window is just there for

them to access everything from a convenient centralized location if they so choose.

In order to open the PathOS+ window the user needs to select “Window” at the topmost

toolbar, and then “PathOS+”. This opens up the window, which can then be docked to

any part of the Unity interface. Within the window there is a collapsible navigation bar

at the very top (shown in Figure 3.6), within which there are buttons for 8 separate tabs.

Each tab has a separate functionality. This section covers the contents within each.

Setup. There are three references that have to be con�gured in order to use the PathOS+

window properly. These are the agent, manager, and screenshot manager (the latter being

a special addition just for PathOS+). These objects are prerequisites for any scene that

makes use of PathOS+, and the window references these objects in order to modify and

access their values. In the event that the user has multiple of any of those objects (such

as multiple agents) they can select which one they want to focus on. If the user was to,

say, navigate to the Agent tab without having selected an agent, that tab will only show

a warning saying an agent reference is required to use that tab. Once the references have

been set, the interface will change to show components relevant to that reference (i.e.

setting an agent reference will show a button that lets the user jump to the agent tab).

If there is currently no agent, manager, or screenshot manager object already existing in

the scene, the user can create those objects in the scene in this tab through the click of a

button.

Agent. If the agent reference has been set the user can use this tab to modify the person-
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ality values of that particular agent. They can also modify other things such as the agent

eye and memory values, the timescale, and the agent's UI renderer. When this tab is

selected, it acts the same as having that particular agent selected in the Unity hierarchy.

This means that if the user was to run the simulation while in this tab, in the game view

they would see that agent's �rst person view, mental map, and so on.

Resource Values.This tab makes use of the agent reference (mandatory) and the man-

ager reference (optional, just to toggle one speci�c option). This tab represents a new

feature that was incorporated just for PathOS+, which is the enemy and resource values.

In order to learn more about this, see Subsection 3.3.3.

Batching. This tab is dedicated to batching, and only requires a reference to an existing

agent prefab in the Unity scene if the user wants to use one as a template. It allows the

user to run simulations with multiple agents. Here the user can set the timescale, the

number of agents, the starting position, the agent prefab which will be used to model the

batching agents off of, and the agent motivation values.

Pro�les. This tab is dedicated to creating agent personality pro�les. It does not require

any references. Here the user can specify the personality of a unique pro�le by modi-

fying motivation values. They can then export the pro�le to be used, or import existing

ones.

Manager. This tab is dedicated to all the managerial functionalities of PathOS+, and re-

quires the manager reference. Here the user can set up the level markup, look through the

entity list, specify which entities to ignore (a new feature for PathOS+), and customize

the entity motive matrix. While this tab is selected it functions the same as having the

manager selected in the Unity object hierarchy, which means that the user will see all the

entity icons for the marked objects in the sceneview. This tab can be viewed in Figure

3.10.

Visualization. This tab is dedicated to all the visualization functionalities of PathOS+,

and requires the manager reference as the visualization features are tied to the manager

(and in the past iteration of the tool they were also located in the same UI block as the
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manager). This is where the user can log agent playthroughs, and then load those logs

back in as data that can be depicted as heatmaps, individual paths, and entity interactions.

All the properties to modify these elements can be found here, and the adjustments made

are explained in more detail in Subsection 3.3.4. This tab can be viewed in Figure 3.10.

Expert Evaluation. This tab is a wholly new feature that contains the unique expert

evaluation functions of PathOS+. This is where the user can conduct their evaluations

and import or export them. This is explained in more detail in Subsection 3.3.2.

Overall this window helps solve a big issue that was present with the original PathOS,

in which features were dif�cult to �nd, and the tool was dif�cult to navigate due to how

it was organized. This window takes all the key elements of PathOS+ and breaks them

down into tabs that are convenient to access, thereby reducing a lot of the burden on the

user.

3.3.2 Expert Evaluation Tab

One of the tabs in the centralized window was dedicated speci�cally to expert evalua-

tion. I could have decided to omit this tab, and make it so that the user could be left

to their own devices to document their evaluations. However, by reviewing literature

surrounding expert evaluations I determined that there is a need for expert evaluation

tools that are digital and �exible. Hvannberg et al. did a study where they had a group

of researchers do an expert evaluation via traditional methods, in contrast to a group that

did the same thing with a digital tool [69]. The latter group were not only more ef�cient

and happier with that evaluation method, but they seemed to identify more issues. This

could be due to the increased ef�ciency. The paper also notes that it would be bene�cial

for a tool to allow users to do the expert evaluation at exactly the same place that the

game is located, so that there is no hassle related to jumping between different windows

and applications. The expert evaluation tab in PathOS+ was developed to do exactly

that.

The tab was created by leveraging Unity's editor scripting system. Within this tab users
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Figure 3.7: Step-by-step breakdown of the right-clicking comment feature

can create “comments” representing any points or observations they may have about the

game. These comments have a text area for the description of the issues, along with

two colour-coded dropdowns. One of the dropdowns is for determining if the issue is

positive, negative, or neutral. The other dropdown is for determining the severity of the

issues (if applicable) by giving it a low, medium, or high rating. Comments can also

be deleted or edited at any time. Additionally, comments can also have a gameobject

and entity type attached to them if it is a comment relating speci�cally to an in-game

entity. Users can right-click an entity in the Unity game scene and a window will pop

up letting them �ll out a comment that has that speci�c gameobject and entity type

applied. Once they're done and they select “Add Comment” it gets added to their list of

comments within the expert evaluation tab. This whole process is shown in 3.7. All of

these comments are saved, so the user can close and reopen the Unity project or switch

Unity scenes without worries. This system ful�lls the purpose of allowing users to write
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in-depth observations about the game within the application.

I want to quickly note that the evaluation tab was not always structured this way. Previ-

ously I experimented with having the evaluation tab load in established heuristic guide-

lines (such as PLAY heuristics [57]) and then allowing the user to write comments for

each of the categories (while still allowing them to assign a severity). I decided to go

with a more open-ended approach rather than using speci�c heuristic sets. This allows

the user greater �exibility when it comes to their evaluations, and helps avoid the issue

of heuristics being too speci�c to be generalizable.

This tab also comes with an import and export system. Evaluations can be exported

into .CSV �les that organize the information. At the top of the .CSV �le is a table

that organizes the comments (which are numbered) by entity type to severity. It then

lists all the comments with their corresponding number and all the related information

attached to it. These .CSV �les can then be imported into a PathOS+ project. When the

data is loaded in, if there are any gameobjects referenced in that scene, they are found

and attached to the relevant comments. This feature was integrated in order to allow

evaluators to share their �ndings and back them up with ease.

Lastly, this tab is tied into the tool's unique screenshot system. The ability to take screen-

shots is primarily in the Setup tab—once the screenshot manager is selected, the user

can write down the name of the folder the screenshot will be saved to, the name of the

screenshot itself, and they can press a button to take a screenshot at any time. This uses

an in-scene camera to take a birds-eye view image of the level in question. In the Expert

Evaluation tab, if the screenshot manager is con�gured, the user will be provided with

a view of the map they are on. They can refresh this image to re�ect any changes that

happened to the level. If the user were to enable heatmaps or anything of that nature,

they would be shown in this map view overlayed on the level geometry. When the user

exports their evaluation a .PNG is exported along with it. The .PNG depicts what is

shown in the map view, including the visualization features that are shown within it.

The reason why I chose to implement this feature is if a user wants to export images of

the level with the visualization features for presentations to the development team.
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3.3.3 Combat and Resource System

My way of adding further sophistication to the AI was by introducing a simple sim-

ulation of combat and resources. In order to do this, I had to make some changes to

the fundamentals of the tool, which is why in PathOS+ there are new entity types and

changed versions of the old ones. I created different levels of hazard entities to repre-

sent different dif�culty levels, and different levels of preservation resources to represent

different healing amounts. This is shown in further detail in Table 3.3.

Table 3.3: Breakdown of new entity types

Old Entity Icon New Entity Description

Hazard Enemies Enemy Hazard (Low) Low dif�culty enemy

Enemy Hazard (Med) Medium dif�culty enemy

Enemy Hazard (High) High dif�culty enemy

Enemy Hazard (Boss) Boss enemy, also counts as a

goal

Self-Preservation Self-Preservation

(Low)

Low amount of healing

Self-Preservation

(Med)

Medium amount of healing

Self-Preservation

(High)

High amount of healing

There is a tab in the PathOS+ window that is dedicated to this resource system. It shows

all of these entities—along with the environmental hazard entity—with sliders next to

them. These sliders allow the user to modify the range of how much damage the different

enemy types do, or how much health the resources heal. I used ranges instead of speci�c

values because that seems more realistic to how games function, in which players can

take varying amounts of damage (or heal various amounts), even in encounters that are
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more or less the same. An overview of this tab is shown in Figure 3.8.

Figure 3.8: Resource tab for combat and potions

The way it works is that the agent has a certain amount dedicated to their health, as is

now shown in the top right of the game view during simulations. If the agent chooses an

enemy as their target destination and heads towards it, once they interact with it it runs

a very basic combat simulation. Based on the damage range of that enemy type, and

on the agent's experience value (agents with higher experience take less damage, akin

to real life), a random value is generated that �ts within those ranges. That amount is

then subtracted from the agent's health value. Similarly, when the agent interacts with
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a resource, based on what resource type it is and its healing range, that amount will be

added to the agent's health. The health never goes above 100, and consequently if it

reaches zero or less then that can count as a “death” and an end to the simulation if the

user so chooses. A toggle to enable this is in the Resource Values tab.

The agent's behavior is affected by how much health they have left. During the simu-

lation the agent has two matrix representations of their motivation attributes. The �rst

is the default one, the one the user has determined in the interface before running the

simulation. The second is one that gets modi�ed during runtime. In�uenced by how

“aggressive” and “cautious” the agent is to start off with, as their health goes down the

agent's aggressive values go down by a certain amount, and the cautious value goes up

by a certain amount. This gives the agent the ability to possibly avoid enemies if their

health is getting too low, but if they're really aggressive by default it's less likely for that

to be the case.

3.3.4 Streamlined Visualizations

Figure 3.9: The changes made to individual paths and entity interactions

The visualization aspects of PathOS+ are really important to facilitate analysis, thus it

was crucial to improve their ease of use as much as possible. To do so I had to study

UI design and understand how to make interfaces that are easy to navigate. I chose to

do this before adding new features because, regardless of how effective the new features

are, users won't reap their bene�ts if they're struggling to use it.

One of the things I did was decouple the visualization features in the UI from the man-
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ager features. Previously these were all part of the same inspector window, which may

have added to the confusion. For PathOS+ the visualization and manager features are

separated into two different tabs. Secondly, based on some research I did on effective UI

design [107], I chose to only make menu elements visible when they're actually usable.

As an example, the options for which folder to save the logs to are not shown unless log-

ging itself is enabled. This reduces information overload on the user, and makes it so that

they understand which UI options are tied to what. The UI information is also grouped

by relevance. Previously the heatmap, individual path, and entity interaction information

were all shown vertically all at once. In PathOS+ they are separated by subtabs, so that it

reduces clutter and users will only see the variables speci�c to that visualization feature

(as shown in Figure??). Many UI elements can be collapsed in order to further reduce

noise in the interface. Different blocks of the UI also have different background colors,

to further segment chunks of information. Lastly, the UI warnings that were present in

the previous iteration of the tool were just red text. They were made more obvious and

distinctive so that users get a better indication if something is missing.

After the conclusion of these UI adjustments I was able to focus on new additions. I

changed the individual paths so that directional arrows could be enabled, showing which

direction the agent was moving in at any given time. Additionally, if the user were to

hover over the individual path at any time, they would see the speci�c time stamp for

that moment, along with how much health the agent had at that time. This is to help give

further context as to what was going on at that speci�c point of the agent playthrough.

The entity interactions were also changed so that the labels for the different entities are

more clear. The new agent paths and entity interactions are shown in Figure 3.9. Lastly,

in the previous iteration of the tool, users could make changes to features like what time

range the data is depicting, the heatmap alpha, and so on. After creating these changes

the user had to click a button for them to apply. In PathOS+ this was changed so that all

the user would have to do is make those changes, and it would apply to the visualizations

in real time.
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3.3.5 Quality of life improvements

Other than improving the organization of the tool through the use of the centralized

window, I tried polishing the other features based on the feedback participants gave

from the original study. I started by focusing on the issues with the level markup feature.

PathOS+ now has the ability to mass tag gameobjects as a certain entity by clicking

and dragging the cursor while they're in the level markup mode. I disabled the issue

where the markup tool would deselect the chosen entity type if the user were to try and

rotate the camera. Lastly, I introduced an ignored entity list to the tool. Gameobjects

added to this list gets ignored by the markup brush. This was added because participants

complained about how they would accidentally mark irrelevant things as entities, such

as the ground.

I made UI options like the timescaling more prominent, and added it to panels where it

previously wasn't before. For instance, previously the timescale could only be adjusted

in the batching window for batch tests. I added the timescale feature to the agent cus-

tomization area, so that even regular simulations can be made to be up to eight times the

original speed. Other than general UI improvements and tweaks, there were also numer-

ous bug �xes and behavior adjustments made to the tool. For instance, previously, if the

agent walked through an entity, even if they did not intend to interact with that entity,

it gets marked as visited and is no longer considered for the agent's decision-making. I

changed it so that the agent has to intend to visit that entity in order for it to be marked

off, like how in games players can run right past something without directly interacting

with it (such as combat encounters).
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Figure 3.10: In PathOS+, the manager and visualization are kept in separate tabs
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4 | Testing and Evaluation

In order to assess how effective a piece of software is, user tests would have to be run

with the target audience. Only by looking at how the target audience interacts with the

software can we say whether it succeeds in its intentions. In order to evaluate PathOS+,

we decided to run a user study with participants who have had user research experience.

The goal was to get participants to try out the tool and use it for an evaluation task, after

which they would give us feedback on how it fared and what improvements could be

made.

4.1 User Study

The user study was divided into three parts. The pre-interview, the take home expert

evaluation task, and the post interview. The expert evaluation task was in the form of

three premade levels in Unity, each with their own design �aws. We hoped the study

would help us answer the following:

• Are the participants able to identify the design �aws within each level?

• Is the AI instrumental in helping them discover the �aws?

Design �aws in this case are issues that can hamper the enjoyment or progression of a

hypothetical player. In particular, issues that I am able to replicate with PathOS+ and the

limited resources I had at my disposal. It is important to note that PathOS+ can do more

than identify �aws–it can be used to examine player behaviour and movement patterns in

general, whether it is constituted as �aws or not. It is solely for the purpose of this study

that we chose to focus on what we deemed as objective �aws within these scenarios'

design. I also went with this approach because it is directly tied to the weaknesses of the
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expert evaluation approach, in that due to its subjectivity important issues may be missed

or misrepresented. By running a study in which the focus is to see if PathOS+ can help

in the identi�cation with design-related issues, it may help shed light on whether AI

playtesting data may be bene�cial for expert evaluation.

The following describes each aspect of the study in detail.

4.1.1 Participants

In order to generate interest in the study, I did a few presentations on AI in playtesting

and the purpose of PathOS+. One presentation was to the user research lab and grad stu-

dents at Ontario Tech University. The other presentations were at the company Ubisoft

Toronto, and they were to the user research and quality assurance teams. Alongside the

presentation a link was provided for signing up to be a study participant. The presenta-

tion garnered some interest, and resulted in some user researchers signing up for the test.

The rest of the participants were interested colleagues who have heard about the project

and had some user research experience in the past. Table 4.1 goes over each participant

in detail.

4.1.2 Pre-Interview Session

Before this interview, all the participants would receive an email containing a link to the

GitHub page where the project was located, along with a consent form for them to �ll

out. This email also had a link to the Google Meet room, which the participant would

have scheduled via a Calendly link (a website for booking meetings).

The purpose of this interview was to become more familiar with the participants and

their experience with both game development and user experience. After the interview

questions were asked, the participant would be demoed the Unity project and given a

brief rundown on how it works. This was partially to refresh the memories of participants

who had seen the PathOS+ presentation a while ago, and also to help those that had less

familiarity with Unity. The following list shows the planned order of events for the
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Table 4.1: List of participants, their current occupation, previous UX experience, and

previous Unity experience

ID Current Occupation UX Experience Unity Experience

P1 UX Coordinator 6-7 months Experienced

P2 UX Grad Student 6 years Minimal Experience

P3 Lead Designer, GUR instructor 3 years Experienced

P4 Lead XR Developer (VR/AR) 1 year Experienced

P5 User Research Moderator 1-2 years Experienced

P6 User Research Moderator 3 years No Experience

P7 NA (WITHDRAWN)

P8 User Research Moderator 4.5 years Minimal Experience

P9 UX Grad Student 2 years Experienced

demo:

1. The participant would be shown how to open the project in Unity

2. They would be shown where the levels were located, and how to open them

3. They would be shown how they could run a simulation (by pressing play)

4. They would be shown how to open the PathOS+ window

5. They would be given a brief rundown on the functionality of each tab, along with

the setup therein

6. While explaining the Expert Evaluation tab, they would be given their task, and

shown where to export their evaluations

7. They'd have a chance to ask questions

8. Then they'd be shown a live demo of how to run batch tests, and load in visualiza-

tions
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9. They would be warned about some known bugs

The participant would also be noti�ed that they'd receive a manual and handout in an

email sent to them at the conclusion of the initial interview. We'd book our subsequent

interview, approximately a week from the �rst one (with some leeway due to the busy

schedules of some of the participants). They'd be given a chance to ask more questions,

after which the meeting would be ended.

4.1.3 Expert Evaluation Task

For this task, I chose to base the three scenarios off of existing levels. That way I could

incorporate real design problems found in commercial games and see if the users are

able to identify them as a form of comparison and validation. In order to �nd suitable

levels, I searched through articles and reviews online. The reason why I chose to do this

was because reviews would let me see an honest look of what the playerbase struggled

with in these games, and what issues the developers missed (or were unable to solve)

before release.

The scenarios were made as three separate Unity scenes. They were built with free assets

downloaded off the Unity asset store. The following sections describe which games I

chose, and the ensuing levels created off of those games.

Volcano, Far Cry (Crytek, Ubisoft)

Figure 4.1: Far Cry Volcano [108] versus Scenario 1

Far Cry (Crytek, 2004) is the �rst installment in a series that has spanned over 6 main-
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line entries along with numerous spinoffs. The games are �rst-person shooters in which

the player goes to (oftentimes tropical) locales in order to take down a host of different

enemies, usually with a charismatic villain mastermind to contend with. While this se-

ries is beloved by its diehard fans, certain levels have gotten attention for being dif�cult.

The Volcano level at the end of the �rstFar Cry in particular.

In a GamesRadar article titled “Remember these 11 frustrating video game levels and try

not to smash your controller” [109] Ryan Taljonick and Connor Sheridan say in regards

to this level: “Armed to the teeth, you step into the rim of an active volcano to �ght an

army of rocket spamming Hulks (which are stupidly hard to kill and are entirely out of

place)... if you need to heal up, you can grab the level's only health pack—which, by

the way, is on the opposite end of the arena.” This gives the impression that the level is

brutally dif�cult.

Similar sentiments can be seen across message boards dedicated to this game. In a

Google group titled “Farcry the Volcano NO WAY TO DO THIS MISSION.” [110]

multiple players bemoan how dif�cult the level is, and all the strategies they came up

with to deal with the level. A user named B. Jones speci�cally states “...this is probably

the single hardest part of the game.” A common reason these complaints were brought

up was because the enemies did too much damage.

From these reactions, there are a few key takeaways that can be extrapolated. I decided

to boil it down to two things that can be easily translated to a Unity PathOS+ level:

• The enemies are too strong, they do a lot of damage and it's very easy to die

• There is only one health pack in the level, making it even harder

Based on user comments each level also has a miscellaneous design problem. Some

users in a message board were discussing how they couldn't �nd certain objects that

could give them a much needed advantage in the level. This obscure tidbit inspired this

design issue:

• The end goal is partially obscured, making it dif�cult for the player to �nd

70




	Abstract
	Author's Declaration
	Statement of Contributions
	Acknowledgements
	Contents
	Introduction
	Context
	Human-Computer Interaction and Games User Research
	Artificial Intelligence
	Contributions
	Thesis Outline
	Summary

	Related Work
	Expert Evaluation
	Artificial Intelligence

	The Development of PathOS+
	Original PathOS
	Reexamining the Original Study
	PathOS+

	Testing and Evaluation
	User Study
	Results

	Discussion and Conclusion
	Identification of Intended Issues
	Benefits of PathOS+
	Applications to Industry
	Limitations and Future Work
	Conclusion

	References
	Appendix
	PathOS+ Manual
	PathOS+ Handout
	Interview Guide
	List of Suggested Changes


