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Abstract 

A significant barrier to players’ enjoyment of video games is the competitive nature of many 

multiplayer games. It can be difficult for people with different abilities to enjoy playing together. Player 

balancing (such as aim assistance) helps people of varying abilities play together by adjusting game 

mechanics. Player balancing is particularly important in games where differences in fine motor ability can 

have large impact on game outcomes, and in making games accessible to people with motor disabilities. 

The focus of this thesis is to determine whether aim assistance can reduce the barriers to group 

play with children who have cerebral palsy. We did this by evaluating whether aim assistance 

significantly reduces differences in player performance, and whether aim assistance negatively affects 

player perceptions of fairness and fun. Our evaluation involved a two-step process. The first step was a 

six-day study of a novel aim assistance algorithm with eight children with cerebral palsy. We tested the 

impact of this algorithm on balancing, player behaviour, and player perceptions through its incorporation 

in a two-player competitive aiming game. Our second step involved a qualitative evaluation with 18 pairs 

of typically developed adults of a revised game that implemented two improvements to the aim assistance 

algorithm. 

 Our aim assistance algorithm did not significantly reduce the gap in player performance in a 

video game for children with cerebral palsy. However, it did reduce the difference in players’ scores in 

heavily imbalanced (“blowout”) games between players with different levels of fine motor ability levels. 

Aim assistance was generally viewed positively in social play settings and, players reported it had a 

positive impact on their play experience. We also found that game elements that draw attention to aim 

assistance need to be designed with attention to colour. When applying visual effects, players need to be 

informed of their purpose to make use of them effectively. 
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Chapter 1 

Introduction 

Video games have advanced over the last few decades to become a highly popular form 

of entertainment [59], with a projected 2.3 billion people across the world playing games and 

spending $137.9 billion dollars in 2018 [58,60]. There are many benefits to playing games, but 

most people play games primarily because they find them fun [43]. Consequently, the goal of 

many games is to provide an entertaining experience to their players. A significant barrier to fun 

is that many games rely on competition that may be imbalanced.  

It can be difficult for people who have different levels of experience and skill to enjoy 

playing competitive multiplayer video games together. They may find a game to be too hard or 

too easy, resulting in frustration and dissatisfaction when the game is imbalanced [6]. This 

problem can be exacerbated when some players have reduced motor function, as is the case for 

persons with deficits in fine motor ability arising from physical disabilities such as cerebral palsy 

(CP). Player balancing adjusts game mechanics to address differences between individual players 

and can be used to enable people with different levels of ability and experience play together.  

In this thesis, our primary focus is investigating the use of custom aim assistance 

algorithms (a form of player balancing) to reduce the barriers to group play with children who 

have cerebral palsy. Children with CP have difficulty aiming precisely and rapidly [27], but they 

want to play action games—fast-paced video games that involve manual ability and hand-eye 

coordination. Deficits in manual ability that require the use of accessibility strategies, and the 

large variation of physical abilities [26] are the primary barriers to group play between children 

with CP.  
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1.1 Problem Description 

Motor impairments affect a significant number of people with disabilities. The 

AbleGamers Charity created an accessible design framework called the Accessible Player 

Experiences (APX) Triangle [44], shown in Figure 1. In this framework, the first barrier that 

people with disabilities face when it comes to playing video games is access to the game. Players 

need to be able to see, think and feel the output of the game to provide input. Once a player has 

access, they need to be able to overcome the in-game challenges presented to them. However, 

motor disabilities such as those that affect manual ability can make accessing the game and 

overcoming challenges overwhelming to some players.  

Cerebral palsy (CP) is the most common cause of motor disabilities in children [28]. CP 

is a non-progressive group of neurological disorders caused by damage to or anomalies within the 

brain during the early stages of development [24,28,34,48]. Persons with CP have a broad range 

of motor deficits [24–27] that affect movement and posture. The non-progressive nature of 

Figure 1: The APX Triangle is a design framework for creating 

accessible game experiences. [44] 
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cerebral palsy means that the brain lesions responsible for the disorder do not change over time 

[39]. However, children with CP may still experience a decline in their motor abilities as they 

move from adolescence to adulthood [11,24,34].  

 Children with CP have a broad range of motor impairment, with their typical manual 

ability in handling objects and performing the activities of daily living described by the Manual 

Ability Classification System (MACS) [18]. The MACS is valid for children with cerebral palsy 

aged 4 to 18; its validity as a classification system has also been shown in young adults [34] with 

CP. Each level within the MACS describes the child’s overall ability to handle objects and 

perform manual activities during everyday activities, with limitations increasing from levels I to 

V. At level II, a child “handles most objects but with somewhat reduced quality and/or speed of 

achievement”. We would expect them to be able to use a game controller, but to have more 

difficulty manipulating a joystick quickly and accurately than a typically developed person. It is 

also important that children  with CP have opportunities for social interaction (such as those 

presented by multiplayer video games) because they have been reported to have decreased social 

experiences with peers when compared to typically developing children [32]. 

Children with cerebral palsy want to play fast-paced action games with their friends [27]. 

However, poor motor control within this population presents a difficult case for balancing in 

video games. Even within the same MACS level, there is significant variation in physical 

limitations between children with CP.  Players who face difficulties in performing in-game 

actions will have a hard time competing with other players [9], leaving them at a disadvantage. 

Player balancing seeks to reduce the problem of players having different abilities by providing in-

game assistance to players. Other games have investigated various ways to balance for 

differences in player ability such as heart rate control of video games [42]. These techniques—

some of which are detailed in chapter two—work to balance between the differences between 

player abilities [9]. In the context of player balancing, personalized assistance is provided by 
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balancing algorithms tailored to individual players’ needs. Our goal with player balancing is for 

children with cerebral palsy to be able to play and compete with other children who have CP, 

despite their differences in fine motor ability. To provide a level playing field, we need to balance 

for impaired aiming ability so that players can compete on equal terms in the game. 

The primary problem we address is reducing the barrier to group play for children with 

cerebral palsy. However, we found there are sub-problems related to implementing player 

balancing as a solution. There has been no prior research on how children with CP feel about the 

fun and fairness of aim assistance, and how it affects their perceived game experience. Would 

children with CP find it fair that other players are getting help? How do children with CP feel 

about aim assistance? We questioned whether the presence of aim assistance would lead players 

to devalue their own efforts. These are secondary issues towards which we sought to gain insight.  

1.2 Solution 

The primary problem we identified is that there are barriers to group play for children 

with deficits in physical abilities such as those in CP. We proposed adopting a solution that 

reduces the effects of disparate levels in fine motor ability: aim assistance.  

Shooting in aiming games can follow either the hitscan or projectile ballistics methods, 

or a hybrid of both [31]. A hitscan weapon follows the logic shown in Figure 2. When the player 

Figure 2: A ray is cast from point A to the defined endpoint B. The game engine can 

tell the cube has been hit because it intersects with the ray cast from A to B. [61] 
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fires a shot, the game’s physics engine—software in charge of in-game physics simulation, such 

as collision detection—casts a ray from the starting point to a maximum endpoint. Any objects 

that intersect with the line of fire are “hit”. For a game with projectile ballistics, every shot fired 

by the player produces an object (a projectile) that is tracked by the physics engine. Objects that 

collide with the projectile are considered “hit”.  

We developed a custom aim assistance algorithm that uses a hybrid approach of hitscan 

and projectile ballistics. When the player fires a shot, the algorithm searches for a hittable target 

within an area. If a target intersects the line drawn from the player to an endpoint, it is considered 

a “hit” and a projectile is fired with high speed at the target. The algorithm design and strategies 

used are described in greater detail in the following chapters.  

1.3 Evaluation 

We used a two-step process to evaluate the effectiveness of our aim assistance algorithm 

at reducing barriers to play. For the first step, we adapted an existing minigame from the Liberi 

suite of exergames [26,27] designed for children with CP. The result was a two-player shooting 

minigame called Gekku Aim, which applied our custom aim assistance player balancing 

algorithm. We tested Gekku Aim with children who have cerebral palsy by running a study at a 

camp for children with CP (the SportFit camp) to evaluate aiming.  

This study was conducted in collaboration with the Bloorview Research Institute research 

team at the Holland Bloorview Kids Rehabilitation Hospital. We wanted to find out whether aim 

assistance would reduce the difference in score between winning and losing players. We also 

wanted to find out how children with cerebral palsy perceived a game with aim assistance, and 

whether their behaviour changed in response to the presence of player balancing. We found our 

aim assistance algorithm did not significantly reduce the gap in player performance in a video 

game for children with cerebral palsy. However, it did reduce the difference in players’ scores in 
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heavily imbalanced games between children with cerebral palsy who have different MACS 

levels. 

Following the initial study, we wanted to implement two recommendations that we drew 

from our analysis of the SportFit camp study results: that aim assistance should be made visible to 

the player, and that balancing algorithms should be adjustable to each player’s needs. To do this, 

we created a shooting game that used a modified version of the aim assistance algorithm from the 

SportFit camp and included a visual indicator of targeting. Using this game, we conducted a 

qualitative evaluation with typically developed adults from the Queen’s University and Kingston 

community. We wished to study the effects of the improvements with a well-defined population 

of typically developed adults before seeking collaboration with our research partners at the 

Bloorview Research Institute to test if the results from this study were generalizable to children 

with cerebral palsy. We had pairs of participants play a custom video game that incorporated 

these two mechanisms. We were unable to determine quantitative results from this study due to 

data collection errors. However, we were able to synthesize feedback from participants through 

semi-structured interviews regarding our implementation of the recommendations.  

We found aim assistance was generally viewed positively in social play settings and 

when implemented, both typically developing players and children with cerebral palsy reported it 

did not negatively impact their play experience. We also found that game elements that draw 

attention to aim assistance need to be designed carefully. When applying visual effects, players 

need to be informed to their purpose to make use of them effectively. 

In evaluating our solutions, we sought to answer two primary questions. The first 

question is whether player balancing would significantly reduce differences in player 

performance (i.e., whether the gap in player scores will be reduced when aim assistance is 

present). The second question is whether player balancing negatively affects player perceptions of 
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fairness and fun. Through assessment of these two questions, we were able to determine whether 

our solution is effective at reducing barriers to play. 

1.4 Main contributions 

The primary contributions of this thesis are as follows: 

• A player balancing algorithm in an aiming game for children with cerebral palsy.  

We designed and implemented a custom aim assistance algorithm in an aiming game 

designed for children with CP. 

• Assessment of how children with cerebral palsy react to aim assistance techniques.  

We found that children with CP viewed aim assistance in a positive light. They found the 

games to be more fun and more fair when aim assistance was present. 

• Recommendations for applying player balancing algorithms to games for children with 

cerebral palsy.  

Our work identified that player balancing algorithms work with children who have CP. 

However, designing these algorithms requires careful thought because there is great variation in 

the range of fine motor abilities in this population. A single algorithm may not provide sufficient 

assistance, so we recommend using player balancing algorithms that can adapt to a player’s 

abilities as needed. 

This thesis is organized as follows: first, in Chapter 2, we review related work including 

research in algorithms for balancing games and exergames, and in how players react and behave 

in the presence of balancing algorithms. In Chapter 3, we describe the design and implementation 

of an aiming video game designed for children with cerebral palsy. Then in Chapter 4, we 

evaluate these through the SportFit aiming study, and discuss our findings. We recommend that 

games should use adjustable algorithms, and that players should know that they are receiving 

assistance to better make use of it. In Chapter 5, we investigate through a follow-up study 

whether visual indicators and adjustable aim assistance cones will address these two issues. We 
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present qualitative feedback about the effectiveness of these two mechanisms in a two-player 

competitive aiming game. 

1.5 Collaboration statement 

The work presented in this thesis was done in collaboration with members of the EQUIS 

Lab at Queen's University and the Bloorview Research Institute. The Liberi suite of exergames 

was programmed by Zi Ye and Daniel Moran, under supervision of T.C. Nicholas Graham. The 

design and execution of the SportFit aiming study presented in Chapter 3 was done in 

collaboration with Adrian L. Jessup Schneider, Daniel Clarke, Alexander MacIntosh, Lauren 

Switzer, Darcy Fehlings, and T.C. Nicholas Graham. Programming for the SportFit study was 

done by Daniel Clarke, Adrian L. Jessup Schneider, and myself. Analysis presented in Chapter 4 

was done in collaboration with Adrian L. Jessup Schneider. I expanded on the work done for the 

SportFit study, and performed the design, execution and analysis of the evaluation presented in 

Chapter 5.  
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Chapter 2 

Literature Review 

In this chapter, we give context to the research reported in this thesis. We begin by 

reviewing research on balancing in video games. We continue by examining four categories of 

balancing techniques used in existing games: difficulty adjustment, matchmaking, asymmetric 

roles, and skill adjustment. We discuss a specific form of skill adjustment – aim assistance – and 

several aim assistance techniques that have been effective in prior video game studies. We then 

review the additional difficulties involved in balancing for games that involve physical exercise 

as part of gameplay. From there, we consider how accessibility strategies in games can inform the 

development of player balancing techniques. Finally, we discuss how balancing affects player 

experiences, how players perceive themselves in the presence of balancing techniques, and the 

persistence of these perceptions and behaviours over time. 

2.1 Introduction to Game Balancing 

While video games can be valued as meaningful experiences or art forms, for the most 

part, game designers strive to create interactive games that players will enjoy playing [43]. People 

play because it is fun; if someone doesn’t enjoy a game that is meant to be fun, they won’t play it 

[43]. Mihaly Csikszentmihalyi [16] proposed the concept of flow to explain happiness and what 

makes experiences enjoyable. While not a prerequisite for fun, flow embodies the intrinsically 

rewarding feeling that someone gets when they find an activity to be enjoyable and fulfilling 

[14,16]. The concept of flow is that it is a gratifying and immersive experience combining some 

or all of the following major elements: a challenging activity requiring skill; a merging of action 

and awareness; clear goals; direct, immediate feedback; concentration on the task at hand; a sense 

of control; a loss of self-consciousness; and an altered sense of time [14,16,43]. This merging of 
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action and awareness [16] results in a sense of deep enjoyment and engagement that makes the 

physical and mental effort required for the activity worthwhile to the person.  

Most video games are now designed with the elements of flow in mind [14]. This natural 

extension of flow to the domain of games led to the GameFlow model, which can be used to 

design and evaluate player enjoyment in games [43]. Much like keeping someone in the flow 

experience, game designers need to balance the challenge of in-game tasks with the player’s 

ability to overcome the obstacles presented to them so that players remain engaged with the 

game. In multi-player games, maintaining flow requires balancing the skill levels of different 

players [9,17,51] so that everyone feels like they have an fair opportunity to compete. This can be 

difficult because skill is multi-factored and includes (but may not be limited to): prior experience, 

reaction time, and fine motor control [9,51].  

Skill imbalance arises when the skill levels between players vary, and this can result in 

weaker players becoming frustrated at the game and stronger players becoming bored at the lack 

of challenge [23]. Imbalance can happen for any number of reasons, such as when one person is 

considerably stronger but still wants to play with their friends, or if someone has a disability. By 

altering mechanics and game parameters, game balancing attempts to address skill imbalance by 

putting players with weaker skills in a position where they will be able to play and compete with 

stronger players [13,23]. The use of game balancing can help to provide the appropriate amount 

of challenge so players can compete more evenly [2], increase player engagement [2,3], and 

enable a wider variety of social experiences [3,6,8,10,29,35].  

2.2 Player Balancing Mechanisms 

Player balancing addresses skill imbalance between players. This is done by changing 

gameplay elements (e.g., gameplay parameters, game scenarios, non-player character behaviours) 

[4] to provide an appropriate level of challenge. Prior research into player balancing mechanisms 

has identified four distinct approaches used in existing games and research: difficulty adjustment 



 

11 

 

[9,50,51], in which the game adapts its own difficulty to a player's ability; matchmaking [13,17], 

in which players are grouped with other players of similar ability level; asymmetric roles 

[13,17,42], in which games have different tasks suited to different skillsets so a player can choose 

their own best match; and skill assistance [17,50], which assists players by directly helping 

perform in-games actions.  

2.2.1 Difficulty Adjustment 

Difficulty adjustment matches the challenge in the game to the player’s ability and can be 

implemented with static or dynamic balancing algorithms.  

Static difficulty adjustment allows players to select the level of difficulty that they 

believe matches their competence, and is typically done at the start of a new game [8,33,50]. This 

self-selection of challenge levels relies on players knowing their skill level prior to playing. As 

shown by the difficulty selection screen in NieR: Automata [57], difficulty settings are usually 

predetermined by game developers. In the easiest difficulty level (Figure 3 left), enemies are 

weaker and there are options for players to enable auto-assist. In the hardest difficulty level 

(Figure 3 right), being hit by an enemy will instantly end the game. Although players are free to 

select the difficulty that provides them with the experience that they want to have, they need to 

Figure 3: Difficulty adjustment at the start of a new game in NieR: Automata. The left image shows 

how the game is affected by selecting Easy. The right image indicates the changes in gameplay 

when selecting Very Hard. [69] 
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make their choice before knowing how difficult “hard mode” truly is. Static difficulty adjustment 

where players choose their own challenge may still result in situations where the game is too easy 

or hard.  

Dynamic difficulty adjustment involves automatically adjusting the game difficulty based 

on player performance [6]. In single-player games, adaptive algorithms can balance the level of 

challenge presented to the player by manipulating elements of the game environment (e.g., 

layouts of jumping puzzles) or attributes of entities within the game [6–8] (e.g., modifying enemy 

spawn rates and behaviour patterns). In multi-player games, difficulty adjustment algorithms 

balance the level of challenge presented to the player by adjusting mechanics affecting the 

performance of the players [7]. For example, the lightning bolt item in Mario Kart Wii [53] 

makes everyone except the person using the item smaller and slower. As well, powerful in-game 

items like the Golden Mushroom (which can be used repeatedly to give an instant speed boost) 

have a higher probability of appearing in power-up boxes opened by players who are losing [1]. 

However, applying dynamic difficulty adjustment to multi-player games is complicated. Even 

small changes to one player’s game state can affect the challenge and play experience of other 

players [7–9]. As well, players learn and improve their performance at different rates [4], adding 

an additional challenge to dynamic game balancing when balancing for multiple players. 

It may be necessary to calibrate systems in difficulty adjustment algorithms. Calibration 

ensures that the user input and game output are optimally configured [21]. This provides a 

baseline specific to the individual user differences. Calibration is necessary for input devices 

because incorrectly configured devices can make stimuli hard to detect, and selection errors can 

occur [21]. An example of this technique being used is in the RingFit Adventure for Nintendo 

Switch [62], where the accuracy of your physical movements determines your success in the 

game. The Ring-Con accessory (shown in Figure 4) senses and reacts to the user’s movements, 

turning physical force exerted on it into in-game actions. Calibration is necessary to determine the 



 

13 

 

player’s personal physical ability and strength, so that players of any fitness level from expert to 

novice can enjoy their experience with the game.  

2.2.2 Matchmaking 

Matchmaking systems group players of similar skill levels together for more balanced 

competition. In games like chess and sports such as squash, players move up a ranking ladder 

when they win, and down the ladder when they lose [9]. Similarly in video games, a common 

way to rank players is by using a game-specific Elo rating system [12]. Each player begins with a 

default score and moves up or down towards a rating that closely matches their personal skill 

level. The Elo system predicts the game outcome based on the players’ ratings, and matchups that 

end differently from predicted outcomes (e.g., a surprise win by a player with a lower rating) give 

larger changes in rating.  

While matchmaking generally works well, and is core to the gameplay of some 

competitive multi-player games like StarCraft II [54], League of Legends [12], and Overwatch 

[56], there are some drawbacks. Temporary fluctuations in performance (e.g., an unlucky series 

of losses) can have a severe impact on a player’s rank [17,50], and it is not always possible to 

Figure 4: Accessories used to play the Ring Fit Adventure ™ exergame. [83] 
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find an exact match to a team or personal rank. The system may have to compromise between 

available players when a close match can’t be found [50], and in these cases players may have to 

compete with someone who out-ranks or under-ranks them. Matchmaking systems work best 

when there is a large pool of players with a range of skill levels in order to accurately place 

players [13].  

2.2.3 Asymmetric Roles  

In games that have asymmetric roles, player balancing occurs naturally when players 

select roles that suit their level of expertise. An example of this is shown in Figure 5, where 

heroes in Blizzard Entertainment’s Overwatch [56] are grouped into offense, defense, tank and 

support roles. These roles have different core responsibilities. For example, offense heroes scout 

the area and put pressure on the enemy team with high-damage attacks, while support heroes rely 

on their others for safety but improve the survivability of their team. Within the same role, heroes 

have different abilities to differentiate them from each other, which enables different kinds of 

Figure 5: Hero select screen in Overwatch. Heroes are grouped by role: offense, defense, 

tank, and support. The selected hero Doomfist is an offense hero. [78] 
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player behaviour. This asymmetry between the roles and variation within the role itself allows 

players to choose what to play based on their strengths. If players are not good at performing 

certain tasks, (e.g., headshot hits required for sniping enemies, or map awareness required for 

flanking attackers), they can choose to fill a different role and still contribute in a meaningful way 

to their team’s success.  

However, the main drawback of asymmetric roles is that players can end up being 

pigeonholed into playing specific roles all the time [17]. In a game like Overwatch, this could 

mean that players are forced to only play certain heroes. While players can still contribute to the 

game in this way, being forced into a role leaves them unable to practice the skills they need to 

branch out into other roles. Furthermore, games with asymmetric roles can still end up 

imbalanced if players are unable or unwilling to fill all the necessary roles on the team [50]. 

2.2.4 Skill Assistance 

Skill assistance compensates for different levels of skill ability by making it easier to 

correctly perform in-game actions. The kind of assistance provided varies depending on the 

game, such as driving assists for racing games and puzzle assist hints for puzzle games [45]. For 

example, in the racing game Forza Motorsport 4 [47], players can turn on steering, braking, and 

stability assists to improve their performance. In the case of braking assists, the game AI can 

control the application of brakes and speed of the car so that the player can focus on steering 

[45,55]. These drive assists are optional and can be enabled from menu options depending on the 

level of assistance desired by the player.  

A specific type of skill assistance is aim assistance, which improves the speed and 

accuracy of target acquisition [50,51] to help players more easily hit their targets. The difficulty 

of target selection actions can be predicted by Fitts’ Law [23], which states that there is a 

relationship between the distance from the pointer (i.e., the aiming reticule) to the target, and the 

width of the intended target. Therefore, the longer the distance from the target, and the smaller 
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the target’s size, the longer it takes to aim [49]. Aim assistance techniques work by adjusting 

these two factors of distance and effective target width. This in turn reduces the accuracy required 

for a shot to count as a hit against a target, making the task of aiming easier. 

2.3 Aim Assistance Techniques 

Detailed in this section are two specific aim assistance strategies that are effective in 

commercial first-person shooting games: bullet magnetism, and area cursors.  

2.3.1 Bullet Magnetism 

Bullet magnetism is an aim assistance technique that improves accuracy by adjusting the 

path of the bullet after a shot has been fired, bending the flight path towards the closest enemy 

within a certain angle of the initial shot [23,49–51]. The closer the initial shot to a target, the 

stronger the attraction of the bullet towards the target. As the level of assistance increases, the 

strength of attraction and distance at which attraction occurs increases. This has the effect of 

making the correction more noticeable by the player.  

Bullet magnetism has the effect of making targets easier to hit, since shots that would 

have missed under normal conditions may instead count as hits under the effect of aim assistance. 

As shown in Figure 6 (right), the white circle around the crosshairs indicates the area where bullet 

magnetism is active. When the crosshairs turn red in Figure 6 (left), shots fired by the player will 

count as a hit. Increasing the level of aim assistance increases the amount of correction applied, 

Figure 6 Bullet magnetism in Halo 5: Guardians with the debug console active. [1] 
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and effectively increases the size of the target. While bullet magnetism is generally effective [23], 

it encounters some difficulty when there are many distractor targets (potential targets in close 

proximity to each other) [51]. Shots that the player wanted to make at a specific target may end 

up veering away from the intended direction when the algorithms inadvertently select the wrong 

target. 

2.3.2 Area Cursors 

Normally, a shot is described as a zero-extent trace (i.e., a line) [49,51] when testing for 

bullet-target intersection. As shown in Figure 7 (left), if a target does not intersect with the line 

formed by the bullet’s path, the shot fired is not a hit. Area cursors use a non-zero extent trace 

(e.g., a rectangle when using the Unreal engine) to provide a more generous test of whether a shot 

has collided with any enemies [49–51]. In Figure 7 (right), if the target is within the area around 

the bullet’s path, the shot is considered a hit. The bullet has a larger effective size so players can 

be less accurate with where they are aiming.  

Area cursors help by increasing the effective size of the target to make the task of target 

selection easier. This assistance technique has seen success in games with 2D environments [9] 

and in 3D first-person shooter (FPS) games [51]. Area cursors have also been used effectively to 

help with digital targeting tasks for people with motor impairments. Findlater et al. [20] used an 

enhanced area cursor algorithm to assist users with fine motor deficits in selecting small, densely 

packed distractor targets. As with the case in bullet magnetism, area cursors can have difficulty 

handling distractor targets if the area covered is too wide [49] or in situations with a high density 

of potential targets.  

Figure 7 Aiming with a zero extent trace (left) vs a non-zero extent trace (right). 
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2.4 Accessibility in Video Games 

While game balancing attempts to address skill imbalance, game accessibility attempts to 

open games to a broader audience [45]. Video games and video game systems have evolved to 

become increasingly complex and challenging. However, these complexities may be barriers to 

accessing and enjoying games. This can limit or even exclude players with disabilities from 

games they would like to play. Motor impairments affect many people with disabilities [45], with 

cerebral palsy identified as the most prevalent cause of motor disabilities in children [28]. To 

players with disabilities, games provide an important space for entertainment and social 

interaction [19], as well as an escape from physical limitations [5]. Making games accessible 

means removing or reducing the barriers to make the gaming space as accessible as technology 

will allow [19,45].  

As previously described by the APX Triangle (Figure 1), the first hurdle for gamers with 

disabilities is the ability to access the game they want to play before they can consume the 

Figure 8: Generic interaction finite state diagram for games, reproduced by 

permission of author. [68] 
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content offered [44]. Yuan, Folmer, and Harris [52] proposed a generic interaction model for 

games, illustrated by the state machine in Figure 8. Game players receive stimuli, determine 

responses, and provide input to the game [52]. After performing these three steps, the game state 

changes in response. The steps are then repeated until the player either wins, loses, or quits the 

game to exit the interaction model. Players with impairments are affected in one (or more) of the 

stages in the cycle. 

Motor impairments affect how players provide input. Players with motor disabilities may 

find conventional and commercially available input devices, such as the Xbox controller shown in 

Figure 9, difficult to use due to impairments in gross and fine motor control [25–27]. It may not 

be possible for someone with impaired fine motor control to reach all the buttons necessary, or to 

be able to press and hold multiple buttons at the same time. Inputting time-sensitive commands or 

having to input multiple button presses at once may be too difficult and present a barrier to game 

progress. Alternative input devices are typically constrained with respect to input types and 

amount [52]; it can be difficult to connect alternative input devices to consoles. First-party input 

devices designed for gamers with motor limitations have only recently become available for 

purchase by consumers. For example, the Xbox adaptive controller [61] shown in Figure 10 has 

the unified design of a first-party console accessory, and allows plug-and-play connections of 

additional external input devices. 

Figure 9: Front (left) and side (right) view of a wireless Xbox controller. [46] 
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Accessibility strategies (e.g., simplifying input by using contextual actions [27]) can 

inform player balancing, By addressing the issues that impact gamers with mobility impairments, 

games become playable to the larger general gaming community as well [45,52]. An example of 

this is skill assistance. Strategies for pointing tasks on the computer for users with motor 

impairments [20] have been adapted for use as aim assistance strategies in stylized [9] and 

realistic [51] shooting games. Another example is puzzle assists (hints) provided by the user 

interface (UI) or by non-player characters (NPCs) to nudge game players towards how to 

overcome challenges in puzzle or hidden object games [45]. These kinds of assists can help 

players with cognitive and attention deficit impairments, along with being useful to casual 

gamers. 

2.4.1 Impact of Cerebral Palsy on Balancing 

In addition to gross motor deficits that affect general mobility, many children with CP 

have impaired arm-hand function [34] that limits their range of motion and manual dexterity, and 

sensorimotor impairments that affect hand-eye coordination [48]. This can increase the difficulty 

of fine motor tasks that require precision [45], such as handling a video game controller, aiming 

at targets and navigating maps in video games. An example of a controller grip held by a child 

Figure 10: Xbox adaptive controller features accessible design in a first-party product, 

with large programmable buttons and connections to external input devices. [78] 
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with cerebral palsy is shown in Figure 11. Due to their decreased fine motor control, they may 

have difficulty moving quickly between buttons, and can also have difficulty using their fingers 

for simultaneous button input [25] (e.g., pressing the right shoulder button while simultaneously 

pressing the green A button). 

The most basic form of accessibility that video game designers can include to 

accommodate mobility impairments is remappable keys and alternate button configurations [45]. 

This allows players to be able to change to more comfortable layouts. Many commercial games 

provide design features to accommodate for players with some level of impairment, but few 

provide balancing specifically for players with disabilities. In Naughty Dog’s Uncharted 4: A 

Thief's End [36], the developers have made deliberate game design choices that increase 

playability. As shown in Figure 12, players can enable the features they need in the accessibility 

section of the game settings. For example, the repeated button presses option allows players to 

hold down a button in situations where they would otherwise need to tap the button repeatedly. 

By including accessibility options, Uncharted 4 allows some players with visual, fine-motor, or 

auditory deficits to be able to experience the single-player mode of the game. 

Figure 11: A child with cerebral palsy holding an Xbox 360 controller, 

reproduced by permission of author. [32] 
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In multiplayer games, people with CP have a particular need of algorithms that 

compensate for differences in motor ability because there is significant variation in individual 

fine and gross motor ability [37,38,40], which presents a challenge to children playing together 

with their peers [26,32]. This balancing challenge is compounded by the lack of availability of 

accessible video games. Gerling et al. have shown that players without disabilities and players 

using wheelchairs can compete together in a dance exergame [22]. However, there has been little 

work in player balancing for persons with disabilities in multi-player games, particularly on 

balancing for disparate levels of fine motor ability such is the case in players with cerebral palsy. 

Making games accessible to players with motor impairments does not necessarily mean they are 

specifically balanced for players with motor impairments. 

2.5 Effects of Assistance on Players 

In determining appropriate strategies to apply balancing in video games, it is important to 

understand how players perceive and change their behaviour in response to balancing approaches. 

Player response depends on the visibility of the assistance and play setting.  

 

Figure 12: The accessibility menu in Uncharted 4: A Thief's End. [48] 
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2.5.1 Perceived competence and self-esteem 

Prior research indicates that players’ perception towards balancing algorithms in games 

largely depends on their performance, and their awareness of in-game assistance [7,17,22]. 

Overall, disclosing assistance does not significantly change the play experience over keeping 

assistance concealed [17]. Single session and short-term studies have shown that balancing, even 

when disclosed to players, usually increases perceived competence in weaker players without 

decreasing feelings of competence in stronger players [17,41,50]. When surveyed, low-

performing players wanted to know when they were being helped but didn’t want other people to 

know they were receiving assistance, while high-performing players indicated that they wanted to 

see whenever anyone was receiving assistance [7]. This is consistent with players preferring 

options that raise competence and self-esteem. When faced with failure and success, stronger 

players tend to associate their performance with personal skill (i.e., self-enhancement bias), while 

weaker players look to external factors to explain their performance (i.e., self-protection bias) 

[17]. 

2.5.2 Player Experience and Perception of Games with Balancing 

The play setting is important to consider. In social play where people want to have fun 

with friends and family, players are more accepting of assistance because it promotes the goal of 

playing together with people who may or may not have disparate skill levels [17]. In social play, 

the use of skill assistance can lead to increased engagement [17] and can enable players with 

extreme ability differences to compete without reducing the fun of stronger players [9,22]. 

Research also suggests that stronger players are more accepting of assistance in a social multi-

player setting [17]. This contrasts with the expectations present in competitive play. In 

competitive play settings, players assume they have the same starting conditions and that the 

eventual outcome of the game is due to personal skill rather than attributed primarily to skill 

assistance. 
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Balancing algorithms have been shown to improve play experience and perception of 

fairness in single-session studies [9]. Aim assistance provides a more enjoyable experience for all 

players [9,50], and prior studies have suggested that balancing with aim assistance does not 

hinder players in developing the skills required for aiming in shooting games [17,23]. which may 

be promising to designers who fear players becoming overly reliant on assistance. Little is known 

about player reaction to balancing algorithms over a longer timeframe. When done poorly, 

balancing can feel unfair and negatively impact player experience. For example, weaker players 

may end up feeling cheated of real accomplishment [13,35,50] while stronger players feel as if 

they are being punished for their skill [8]. 

2.6 Summary 

Prior work in player balancing has shown that using balancing algorithms in video games 

can improve play experience and make games fairer. Balancing for ability in video games enables 

players with extreme ability differences to compete in a social atmosphere. From reviewing 

current work, we lack knowledge on how children with motor impairments respond to balancing 

algorithms, and whether player balancing algorithms are effective at reducing the difference in 

performance between players who have impaired fine motor ability. We also lack knowledge on 

how balancing algorithms affect these players’ perceptions of fairness, fun, and their effort over 

time. Our study reported in Chapter 3 and Chapter 4 extends current research in how children 

with cerebral palsy react and adapt to the presence of player balancing in a video game designed 

for children with cerebral palsy games over multiple play sessions. In Chapter 5, we interview 

typically developed players about their thoughts on an aiming game that incorporates a visual 

indicator and aim assistance. 
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Chapter 3 

Designing a Multiplayer Video Game to Accommodate Differences in 

Fine Motor Ability 

This chapter introduces fine motor balancing in a custom video game for children with 

cerebral palsy. We start by introducing the difficulties children with cerebral palsy may encounter 

when playing aiming games, and present one solution through our study. We then explain the 

context of this study and the importance of our proposed solution to our study population. Last, 

we review the designs and algorithms involved in our solution and present the study method.  

3.1 Introduction 

People who play video games have different levels of game-playing ability, affecting 

how well they are able to play. In addition to luck or personal experience with the gameplay, a 

player's performance can be affected by physical factors such as manual ability and reaction time, 

or cognitive abilities such as spatial reasoning, forming plans, and pattern matching [27]. In 

Chapter 2, we reviewed prior research into aim assistance techniques, which are a specific 

category of player balancing using skill assistance. Player balancing alters game mechanics to 

assist players with weaker abilities [25,30]. Balancing algorithms have been shown to be helpful 

in the general population. However, we lack information on the effect of video game balancing 

algorithms on people with motor disabilities.  

Children with motor disabilities, such as those present in cerebral palsy, can be less adept 

than typically developed children in activities requiring fine motor skills, which in turn can affect 

their performance in video games. For persons with CP, deficits in visual-motor integration and 

processing and fine motor control can impact the aiming tasks used, for example, for shooting 

and navigating in games. The Beery-Buktenica Developmental Test of Visual Motor Integration 
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(Beery VMI) is a frequently used tool in occupational therapy that assesses a child’s visual and 

motor abilities. The tasks consist of drawing or imitating geometric forms. The Beery VMI has 

three sections—visual motor integration, visual perception, and motor coordination—that 

combine to provide a picture of where an individual may encounter difficulties in hand-eye 

coordination. Poor performance on the Beery VMI indicates that: the child has impaired fine 

motor function, has difficulties integrating motor coordination and visual perception, or both.  

As previously reviewed in Chapter 2, deficits in motor ability present barriers to access 

and participation in physical activities. While cerebral palsy is non-progressive, children with CP 

often experience a decline in gross motor function as they transition from adolescence to 

adulthood [24,25,27]. This decline in physical ability is multifactorial, but significant contributors 

are existing poor physical fitness, muscle weakness due to disuse, changes in body composition 

due to aging, limitations in range of motion, and pain [25,27].  

3.1.1 Research questions 

Our research seeks to answer three primary research questions: 

• RQ1: Does a player balancing algorithm based on aim assistance reduce differences in 

players’ performance?  

We hypothesize that the presence of a balancing algorithm will reduce 

differences between players in game outcomes. We expect that the score spread—the 

difference between the winner and the loser’s scores—will decrease in balanced games. 

• RQ2: How does the presence or absence of a balancing algorithm affect player 

behaviour and player perception?  

We hypothesize that the fire rate—rate at which players press the shoot action in 

an aiming game—will increase when a balancing algorithm is present. We predict that 

players will feel positively towards aim assistance if it makes the game more fair and 
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more fun to play. We expect that if players feel that expending effort is not rewarded, 

they will not want to put in effort, consequently bringing the fire rate down. 

• RQ3: Do these effects persist or change over time?  

We wish to understand how players perceive balancing over time, and how their 

behaviour changes once they recognize and understand the properties of the in-game 

balancing algorithm over two weeks of play. We expect that players will understand that 

balancing is helping them and adapt accordingly, implying that fire rate should increase 

towards the end of the study. 

3.1.2 Context of the study 

To address our research questions, the EQUIS Laboratory and the Bloorview Research 

Institute ran a study of eight children with cerebral palsy (CP) playing a test video game over six 

days. We designed a custom shooting game called Gekku Aim to test differences in fine motor 

function between children with CP.  

We chose to conduct research with children who have cerebral palsy because differences 

in physical abilities—such as those present in a population of children with CP—makes player 

balancing in video games particularly necessary and challenging. In addition, our collaboration 

with Bloorview Research Institute gives us access to this specific population.  

This study was performed within the context of the two-week SportFit summer camp for 

children with cerebral palsy, held at the Holland Bloorview Kids Rehabilitation Hospital. The 

SportFit summer camp aimed to improve the gross motor function of the participating children 

and promote recreational activity participation with other children who have cerebral palsy. The 

study was run under the aegis of the Bloorview Research Institute and Queen’s University at 

Kingston research ethics boards (Appendix A and Appendix B). 
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3.1.3 Participants 

The participants were children with cerebral palsy who were existing clients of Holland 

Bloorview Kids Rehabilitation Hospital, where the SportFit camp took place. All participants and 

their parent/legal guardian gave written informed consent to participate in the study. Since the 

aiming study was held within the parameters of the SportFit camp, participants needed to meet 

the broader criteria of participating in the gross motor camp in addition to study-specific criteria.  

The study recruitment parameters were: 7-16 years old, and able to operate a hand-held 

videogame controller as determined by a physiotherapist. Exclusion criteria for participation 

were: orthopedic surgery within the last three months, any unmanaged medical conditions 

including exercise-induced asthma, heart conditions, seizure disorders, visual, auditory, 

behavioral, or cognitive disabilities that are likely to interfere with camp activities. All children 

were able to actively participate in the games and the intensive physical therapy protocols, and 

were able to engage actively with other SportFit camp participants. A copy of the letter of 

information and consent form that participants received is in Appendix C. 

Figure 13: Histogram of standardized Beery VMI scores from SportFit study 

participants. Scores under 70 are Very Low; above 129 is Very High. 
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Eight participants (6 males, 2 females) between the ages of 7 and 16 were recruited for 

the SportFit aiming study, with a mean age of 10.2 ± 2.2 years. Seven of eight participants were 

at MACS level I (1 participant was at MACS level II). Three of the eight participants had played 

the Liberi suite of exergames in studies prior to participating in the SportFit camp. The histogram 

in Error! Reference source not found. shows the distribution of standardized Beery VMI scores 

of the participants. 

3.2 Gekku Aim Aiming Game 

To test balancing for fine motor function, we created a simple game based on aiming 

skills and fine motor ability. This game was created using assets from the Liberi suite of 

minigames, featuring cartoon lizards called gekkus. 

3.2.1 Gekku Aim: balancing for fine motor ability 

Gekku Aim is a two-player competitive game with a top-down view, in which player 

gekku lizards attempt to hit their opponent by spitting cashews. The winner is the player who has 

the highest number of hits within the one-minute duration of the game. When the game starts, the 

player gekkus automatically move up the track on an invisible rail at a set pace. Players shoot 

cashews by aiming with a joystick and pressing any of the buttons on a game controller to fire. 

Figure 14: Resolving a hit against a player. Jaguar takes aim at Cheetah (left). After 

Jaguar hits their opponent (middle), Cheetah respawns in a new position (right). 
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This is shown in Figure 14 left. When a gekku lizard is hit by a cashew it becomes invisible in a 

puff of smoke and teleports to a random nearby location before becoming visible again. We can 

see this behaviour happen in Figure 14 middle when Jaguar hits the opponent. In Figure 14 right, 

we see that the opponent Cheetah has respawned in a new location after being hit by Jaguar. The 

act of respawning forces both players to identify their own and their opponent’s locations on the 

screen and re-acquire their targets.  

Our criteria for designing the Gekku Aim game was as follows:  

• Simple gameplay 

This would allow players to focus on aiming without needing to divert attention towards 

game mechanics. By design, little gameplay skill is required to play Gekku Aim. By redesigning 

an existing Liberi game, we remove the learning effect of previous experience. 

• Reduce the effect of button mashing 

We did not want game success in Gekku Aim to involve the speed that players are able to 

press and hold down the action button. To reduce the effect of button mashing, shots recharge on 

a timer and players respawn when hit forcing reacquisition of targets. 

• Independent trials 

Each round of Gekku Aim is short, and the score is reset at the start of each round. This 

allows for independent trials between pairs of players. 

These design considerations allow us to focus on observing the imbalances that arise 

from different levels of fine motor function. Because the difference in physical abilities is great 

among children with CP, imbalance between players in this population is distinct and visible, 

allowing a clear perception of how well a player balancing algorithm is functioning.  

For this study, we are interested in player perceptions of, and player adaptations to the 

player balancing algorithm that we implemented (aim assistance). We can use the three 

dimensions of Mueller et al.'s [35] framework for creating balanced exertion experiences to 
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explain the choices we made to create a balanced experience. Although Gekku Aim is not an 

exergame, the first dimension of measurement captures performance and effort. We will describe 

our measures for player performance and effort in Gekku Aim later in this chapter. The second 

dimension is presentation; the player balancing we used (aim assistance) is expressed as a hidden 

presentation as opposed to an explicit presentation. Participants were not told that there was 

balancing present. We justify the use of a hidden presentation in this study because we wanted to 

compare player reactions to the balanced and unbalanced versions of the same game. 

The third dimension in Mueller et al.'s [35] balancing framework is adjustment. We 

implemented a static aim assistance algorithm rather than dynamic; it provides all players with 

the same level of aim assistance. We nevertheless expected the algorithm to favour players with 

weaker aiming skills, as they are more likely to be pointing their targeting reticule in the wrong 

direction. The fourth and last dimension is control. The aim assistance algorithms we used are 

controlled by the designer rather than the user. Participants are not in control of whether they 

receive aim assistance. This was done to avoid overwhelming the participants, and so we could 

consistently set the presence or absence of player balancing prior to starting each round of the 

Gekku Aim game. 

Figure 15: Aim assistance cones with player A aiming at target B. 
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Balancing in Gekku Aim is aided by a bullet magnetism aim assistance algorithm 

[50,51]. When aim assistance is not active, the cashews travel in precisely the direction the 

shooting player is aiming, whether that shot will result in a hit. The effect of the algorithm is 

shown in Figure 15. In Figure 15 (left), the player A is aiming at target B and hits. The player A 

is aiming close to but not exactly at target B in Figure 15 (center); this is a hit with the aim 

assistance algorithm. Figure 15 (right) shows a miss; the player is not aiming at the target and the 

target is not within the area where aim assistance is actively correcting the player’s shot. This is 

implemented in Gekku Aim as shown in Figure 16 (left), with Jaguar missing their target. No 

algorithm is applied to Jaguar’s cashew shot, so it continues unaffected on the trajectory shown in 

Figure 16 (right) and misses Cheetah. With aim assistance on, the game checks in an area around 

where the shooting player is aiming. This area is shown in pink around the navigation arrow, in 

Figure 17 where Jaguar is firing at Cheetah. If an opponent is within that area, the cashew shoots 

in the direction of the target. The result is a hit even though Jaguar is not aiming directly at 

Cheetah.  

Figure 16: A missed shot (left) in Gekku Aim with aim assistance balancing algorithm 

disabled. The path of the shot is shown by the dotted line (right). 
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We did not inform the players when there was balancing present in Gekku Aim. To 

increase the likelihood that players would understand—over time—that balancing is being used 

and subsequently adapt their behaviour to the algorithms, we made the effects of the aim 

assistance obvious. We did this by having the cashew fly with high speed directly at the target 

(the Cheetah player outlined in yellow in  Figure 17). We intended that players would realize they 

did not need to aim precisely at the target. Neither the pink area, nor the yellow outline in Figure 

17 are visible to the players in game; this is to illustrate the effect of our aim assistance algorithm. 

3.3 Evaluation 

Prior to commencing the SportFit study, we did not know whether aim assistance 

algorithms would help children with cerebral palsy who have fine motor impairments. As well, 

we lacked information about how player behaviour in games changes over time in response to 

balancing algorithms. Do players change how they play the game after they have had time to 

understand the effects of balancing algorithms? How does the presence of player balancing in 

Figure 17: Jaguar aiming at Cheetah in Gekku Aim with the aim assistance 

balancing algorithm enabled. The area in pink and the yellow outline around 

the gekku is added to illustrate the effect of aim assistance. 
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games affect player motivation, effort, and other gameplay behaviours? Are the effects of 

balancing on player behaviour persistent or transient? We wanted insight into whether balancing 

can work over the longer term to make games more accessible to groups with differences in fine 

motor ability. 

3.3.1 Measures 

In this section, we describe the measures used to assess player perception, player 

behaviour, and effectiveness of balancing in the game.  

3.3.1.1 Player perception of balancing 

Player perceptions about the aim assistance algorithm was gathered through two 

questions rated on five-point Likert scales: 

• Fun is participants' answers to the question “was that game fun?” 

• Fairness is participants’ answers to the question “was that game fair?” 

In previous studies, we found that asking too many or too detailed questions leads to 

younger players losing focus and answering haphazardly. To avoid this problem, the Likert scale 

questions about fun and fairness have been intentionally kept simple. The post-play questionnaire 

can be found in Appendix D. 

3.3.1.2 Player behaviour in the presence of balancing 

Researchers monitored player behaviour while overseeing Gekku Aim play sessions. We 

also included a quantitative measure: fire rate. Fire rate in Gekku Aim is a player’s average 

number of cashews shot per second, calculated as number of cashews shot divided by total 

number of seconds. 

3.3.1.3 Balancing algorithm effectiveness 

We looked at the following measures to determine whether our aim assistance algorithm 

was effective at balancing for differences in fine motor ability. 
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3.3.1.3.1 Score spread 

Spread is the difference between the two players’ performances in a game. We consider 

low spread to be a positive indication that the game was balanced. In Gekku Aim, we use score 

spread as the measure of spread. Score spread is the difference between the winner’s and loser’s 

final scores. 

3.3.1.3.2 Blowout games 

Blowouts are games in which one player was very far ahead of the other, to the point 

where the player trailing behind has no hope of catching up to the leading player. In Gekku Aim, 

we consider a game to be a blowout if the winning player's score is at least 50% greater than the 

losing player's score. For example, a score of 11:5 is considered a blowout. We set the blowout 

limit to be at 50% because the winner has the overwhelming majority of the score, and the losing 

player has fallen so far behind that they would have had no reasonable hope of catching up.  

The blowout rate is then the number of blowout games divided by the total number of 

games played. A good balancing algorithm should reduce blowout rate by bringing the winning 

and losing scores closer together. 

3.3.1.3.3 Hit rate 

Hit rate in Gekku Aim is the number of times the player hit their opponent during the 

race, divided by their total number of shots. This is our primary measure of players’ success in 

the balanced versus non-balanced conditions. For each player, we calculated the average hit rate 

for the aim assistance and no aim assistance conditions of Gekku Aim using the following 

formulae: 

 

where r = the round of Gekku Aim. 
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 where n = the number of rounds played. 

 

Hit rate difference is the difference between each player’s aim assisted and non-assisted 

hit rate. 

3.3.1.3.4 Fire rate 

Average fire rate – the number of shots taken out of the maximum number of shots 

available—is the rate at which players shoot. The maximum number of shots is predetermined for 

each round by the recharge rate and is the same for both players. We calculated the average fire 

rate for each player in the aim assistance and no aim assistance conditions of Gekku Aim using 

the following formulae: 

 

where r = the round of Gekku Aim. 

 

 where n = the number of rounds played. 

3.3.2 Experimental method 

The SportFit camp ran for 10 days over two weeks. We began our aiming study on day 

five of the camp, resulting in six days of data. For examination of whether results varied over 

time, we considered separately the first two days, capturing participants’ initial impressions. 

From the final four days, we captured participants’ longer-term impressions. Participants played 

for a total of one hour per day. When not engaged in playing Gekku Aim, players had free-play 
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time where they could choose which Liberi minigames to play. We did not include results from 

the free-play sessions because participants were not allowed to play Gekku Aim during this time.  

Each pair of participants played both test conditions – Gekku Aim with and without 

balancing – taking a break in between each condition. The order in which the test conditions were 

run was order-balanced to include both possible sequences. Due to a limited number of 

exergaming stations, the eight participants were divided into two groups of four. To ensure that 

every participant played the test games with each other participant, a player from each group was 

switched with one from the other each day, for a total of 28 distinct player pairs for each game. 

We adopted the conventions of the Liberi exergame being used in the SportFit study, 

with some modifications. In Gekku Aim, all player movement is done automatically i.e., players 

automatically move up a set path controlled by the game. The game client itself ran on a 23” 

screen all-in-one computer. Each player had their own computer screen that showed the game 

world. Players used a handheld wireless gamepad to control the aiming reticule around their 

avatar, and to activate context-sensitive in-game actions. For reasons of data security, the games 

were hosted on a closed local area network. Each client machine was connected through an 

Ethernet router to a server computer, operated by a researcher overseeing the play session. 

3.3.3 Data collection 

Data for measuring spread, blowouts, hit rate, and fire rate were captured quantitatively 

within the games and written to log files. These log files were transferred to a secure offline 

database. The measures were then computed by an analysis program polling the database and 

generating tables containing the desired measures. The tables were imported into IBM SPSS® 

Statistics v24 for analysis. 

Players’ perceptions of whether games were fun, and fair were obtained with a Likert 

scale questionnaire by the three observers supervising the participants. The questionnaire was 

applied following each round of the game. The observers also collected data on participant 
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behaviour by recording instances of players noticing the difference between the balanced and 

non-balanced conditions. To distinguish between players’ initial impressions and their longer-

term impressions, we compared measures gathered in the first two days of the study (early) to 

measures gathered in days three to six (late). 

3.4 Summary 

In this chapter, we described the three questions underlying our research. We presented 

apparatus used to investigate these questions and presented the design of a study conducted in 

collaboration with the Bloorview Research Institute. In Chapter 4, we will present and analyze 

results from this investigation.
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Chapter 4 

Gekku Aim: Balancing for Fine Motor Ability in a Video Game for 

Children with Cerebral Palsy 

In this chapter we report on the results from the SportFit fine motor balancing study 

introduced in Chapter 3. We present analysis of our investigation into the effects of balancing 

algorithms on player behaviour and perception, both initially and over the course of six days of 

play. We finish by discussing our recommendations for design.  

4.1 Results 

We present the results from Gekku Aim centered around game outcomes, player 

behaviour, and player perception. The measures were defined in Chapter 3.3.1 but we will list 

them briefly here. Our measures of player game outcomes are: hit rate (hits divided by shots), hit 

rate difference (difference between aim assisted and non-assisted hit rate), score spread 

(magnitude of difference in score), and the blowout rate (percentage of games where one player 

dominates). We also compared fine motor ability (measured by the Beery VMI test) versus player 

hit rates, and fine motor ability versus score spread. To measure the effect of aim assistance on 

player behaviour, we used fire rate. To measure the effect of aim assistance on player perception, 

we used measures of fun and fairness. As stated in Chapter 3.3.2, in comparisons where we 

considered time to be a factor, we considered measures gathered from the first two days to be the 

beginning of the study. The results gathered from the final four days were from the end of the 

study 

Alpha for significance was set at .05. When applied, Bonferroni correction is reported as 

an adjustment to this alpha threshold rather than as adjustments to the p-values. All ANOVAs 
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were conducted using Greenhouse-Geisser correction. To capture effect size, we report Cohen’s d 

values; Cohen suggests that d=0.2 indicates a small effect; d=0.5 indicates a medium effect, and 

d=0.8 indicates a large effect [15]. 

4.1.1 Game outcomes 

To see how the presence of aim assistance improved player game outcomes in Gekku 

Aim, we considered hit rate, hit rate difference, score spread and the blowout rate. 

4.1.1.1 Hit rate and hit rate difference 

Using the average hit rates of the 8 participating players, we ran one-way paired sample t-

tests. The two balancing conditions were aim assistance, and no aim assistance. Players hit their 

targets more often when receiving aim assistance (M=.781, SD=.126) than when no aim 

assistance was applied (M=.629, SD=.214); F(1,7)=15.32, p=.006, d=.920). There was no 

Figure 18: Average hit rate for each player with and without aim assistance. 
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significant difference in the hit rate between no/aim assistance when comparing rounds of Gekku 

Aim played on the first three days of the study vs rounds played on the last three days of the study 

(F(1,7)=.296, p=.603).  

To determine improvement in hit rate difference, we calculated the difference between 

each player’s aim assisted and non-assisted hit rate. Using the hit rate difference and the un-

assisted hit rate, we ran a linear correlation. We found player hit rate without aim assistance to be 

correlated with improvement in hit rate in the aim assistance condition (R2=.791; F(1,6)=22.684, 

p=.003). This negative correlation is shown in Figure 19, where players who already had a high 

hit rate in the rounds of Gekku Aim without aim assistance showed less improvement when aim 

assistance was present in the game.  

Figure 19: Linear regression of players’ unassisted hit rates versus their 

improvement in hit rate with aim assistance. 
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4.1.1.2 Score spread 

We calculated the score spread for each round of the game played by finding the 

magnitude of the difference between the winner’s and loser’s scores. Players had higher scores in 

the presence of aim assistance (Aim Assist (M=15.7, SD=3.39), versus No Aim Assist (M=12.2, 

SD=4.10); t(7)=9.57, p<.05). However, the average score spread between aim assisted (M=6.10) 

and non-aim assisted (M=6.95) games was not significantly different (t(27)=1.03, p=.311).  

4.1.1.3 Blowout games 

Blowout games present an extreme case of how lopsided an unbalanced game can 

become. As previously defined, we considered a round of Gekku Aim to be a blowout if the 

winner’s score was more than 50% of the loser’s score. We performed one-way paired t-tests 

between the two aiming conditions with the blowout and non-blowout games. Without aim 

assistance, half of the rounds played were blowouts (M=.536, SD=.508). In the presence of aim 

assistance, we found there were significantly fewer blowout games (M= .286, SD=.460); t(27)=-

3.00, p=.006. When we consider the effect of aim assistance on blowout versus non-blowout 

rounds, player hit rate was higher in both aim assisted blowout rounds (M=.835) and aim assisted 

non-blowout rounds (M=.781). The effect of aim assistance was strong; there was a large positive 

effect in both blowout (Cohen’s d=2.07) and non-blowout (Cohen’s d=.920) games of Gekku 

Aim.  

4.1.1.4 Fine motor ability versus hit rate and score spread 

We hypothesized that differences in fine motor ability—previously defined as being 

measured by VMI score—would influence the following game outcomes: hit rate and score 

spread. The results of the regressions between participant VMI scores and hit rate and average 

score are summarized in Table 1. We did not find statistically significant relationships between 

participant VMI scores and any game outcomes. We ran regression with the score spread and the 

difference in VMI scores between the dyads (paired players). The results are shown in Table 2. 
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There was no significant correlation between the difference in VMI scores in the dyad and the 

score spread. 

Table 1: Game outcome measures with VMI scores as predictor. 

Game outcome 

measure 

Aim Assistance No Aim Assistance 

R2 F p R2 F p 

Average hit rate .254 F(1,6)=

2.044 

.203 .240 F(1,6)=

1.890 

.218 

Average score .468 F(1,6)=

5.284 

.061 .358 F(1,6)=

3.349 

.117 

 

Table 2: Score spread with VMI difference as predictor. 

Game outcome 

measure 

Aim Assistance No Aim Assistance 

R2 F p R2 F p 

Score spread .015 F(1,26)

= 3.910 

.537 .131 F(1,26)

=3.910 

.059 

 

4.1.2 Player Behaviour 

To determine how players behaved in aiming games with balancing, we looked at the 

players’ fire rate. We expected that if aiming is easier (when assistance is active), players will fire 

more often. We ran one-way paired T-tests with the average fire rate of each participant. There 

was no significant difference in players’ fire rates between games that had aim assistance 

(M=.330) and games without aim assistance (M=.325); t(7)=1.10, p=.306. We considered the fire 

rate of blowout games in balanced and unbalanced rounds of Gekku Aim. This finding held for 

both blowout games (Aim Assist (M=.320, SD=.068), No Aim Assist (M=.327, SD=.044)) and 

non-blowout games (Aim Assist (M=.339, SD=.034), No Aim Assist (M=.328, SD=.020).  

We were interested in whether player behaviour would change over time. We compared 

the fire rate in the presence and absence of aim assistance from separate points in time by running 

a repeated measures ANOVA. The independent variable of time represents the start of the study 

(first two days) versus the end of the study (latter four days). The results from the repeated 
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Table 4: Perceived fun and fairness between balance conditions. 

Measure Aim Assistance No Aim Assistance 

mean SD mean SD 

Fun (winner) 3.70 1.49 3.87 1.18 

Fun (loser) 3.74 1.29 3.87 1.22 

Fair (winner) 3.70 1.36 3.65 1.47 

Fair (loser) 3.61 1.34 3.65 1.23 

 

measures ANOVA are in Table 3. The main effect of time was not significant in the balanced and 

the unbalanced conditions. There was no difference in player fire rates (F(1,7)=1.20, p=.309) 

from the start of the study compared to the end of the study. 

4.1.3 Player Perception 

We wanted to see how balancing for aiming ability affected how players perceived the 

fun and fairness of Gekku Aim initially, and over a period of time. To analyze this, we ran 

separate 2x2 repeated measures ANOVA tests for fairness and for fun using the five-point Likert 

scale questionnaires from the participants. The two factors were balancing (aim assistance or no 

aim assistance), and round outcome (win or lose). The results from the repeated measures 

ANOVA are in Table 4. The level of aim assistance did not affect perceived fun for winners or 

losers; F(1,22)=.004, p=.950. This also held for perceived fairness, with no significant difference 

between the winners and losers; F(1,22)=.150, p=.904. 

Table 3: Fire rate from start and end of study between balance conditions. 

Measure Aim Assistance No Aim Assistance 

mean SD mean SD 

Fire rate (start) .327 .045 .324 .035 

Fire rate (end) .338 .043 .328 .036 
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To test what effect unbalanced games had on players’ perceptions of the game, we 

repeated the same analysis using data from blowout games only. Unsurprisingly, players find 

winning blowout rounds (M=4.50) to be more fun than losing (M=3.38); F(1,7)=5.97, p=.045. 

However, we found that overall participants rated blowout rounds with aim assistance (M=4.06) 

more fun than blowout games without aim assistance (M=3.81); F(1,7)=7.00, p=.033. As shown 

in Figure 20 (left), we did not find any significant interaction between assistance condition and 

winner/loser; F(1,7)=1.40, p=.275.  

Overall, participants considered blowouts to be more fair in games of Gekku Aim with 

aim assistance (M=4.00) than in games without aim assistance (M=3.56); F(1,7)=8.80, p=.021. 

No interaction was observed between condition and winner/loser; F(1,7)=.127, p=.732. (See 

Figure 20 right). We also did not find a significant interaction between the perceived fairness of 

winners (M=4.25) and losers (M=3.31) of blowout rounds; F(1,7)=2.63, p=.149.  

4.2 Discussion 

The SportFit aiming study was designed to test the effects of employing balancing for 

fine motor function in a population—children with cerebral palsy—that has a wide variability in 

Figure 20: Fun (left) and Fairness (right) ratings in Gekku Aim for blowouts, separated by 

winners/losers and by presence or absence of aim assistance. Vertical bars show standard 

deviation. Horizontal hats indicate statistical significance at α = .05. 
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functional ability. Our primary areas of inquiry were to confirm that the balancing algorithms 

improved balancing, to examine how presence or absence of balancing affected players’ 

behaviour and perceptions, and to investigate whether these effects varied over several days of 

play. To recap, these were our three research questions: 

• RQ1: Do the balancing algorithms significantly reduce differences in players’ 

performance?  

Our hypothesis was that the score spread would decrease in balanced games. 

• RQ2: How does the presence or absence of a balancing algorithm affect player 

behaviour and player perception? 

We hypothesized the player fire rate will be higher in balanced games.  

• RQ3: Do these effects persist, and if so, how do these effects change over time?  

We expected the fire rate to be higher towards the end of the study because 

players will have had time to understand the balancing algorithm is helping them. 

4.2.1 Research Question 1: Reducing differences in player performance 

We expected the scores to be closer together—a decreased score spread—in balanced 

games. The average score spread between players decreased, this decrease was not significant. 

Despite this, the number of blowout games decreased significantly. These findings suggest that 

players were less likely to win (or lose) by a large margin even though the difference in each 

player’s average score was not significantly reduced. The primary effects of the aim assistance 

algorithm improved hit rate and reduced the number of blowout games. A contributing factor to 

why we did not see a significant decrease in the average score spread is that all players saw their 

hit rate improve, not just those players who needed it most. 

Aim assistance increased players’ hit rates and final scores, indicating that our custom 

aim assistance algorithm improved players’ ability to hit. From Figure 19, one can see that 
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players who had lower hit rates in the unassisted condition saw higher improvement in hit rate 

with the aim assistance. This indicates players with weaker aiming ability benefitted more from 

the balancing. Players who had higher hit rates without aim assistance saw less benefit from the 

aim assistance. This was expected, as players who miss more frequently have more opportunities 

for those misses to be turned into hits. 

We expected that there would be a relationship between participant Beery VMI scores 

and score or hit rate. The Beery VMI is used to identify deficits with visual perception and fine 

motor control. However, there was no statistically significant relationships between motor ability 

measured by VMI scores and any Gekku Aim game outcomes. This suggests that VMI score 

alone is not sufficient as an indicator for how fine motor ability affects scores and hit rates. We 

believe this means that aiming has multiple steps: recognizing that there is a target, finding the 

target, and providing the input to shoot the target. This is consistent with the three states of Yuan, 

Folmer, and Harris’ [52] interaction model. Our algorithm helped with the finding the target but 

did not help in recognizing the stimuli or providing input. In retrospect, we needed to modify our 

algorithm to draw attention towards the target. 

4.2.2 Research Question 2: Effect on Player Behaviour and Player Perception 

A notable result around player behaviour is that players’ fire rate did not vary between 

conditions. This was surprising to us since we expected players to take advantage of aim 

assistance and fire more often, trusting the algorithm to compensate for reduced accuracy. Players 

were aware that there was a difference between the balanced and non-balanced conditions, and 

two of eight players were particularly vocal when aim assistance was unavailable. For example, 

one player stated “I’m aiming but it’s not working” in the non-aim assisted condition, referring to 

the increased difficulty of aiming.  

We expected that players would find the balanced versions of games to be more fun and 

more fair. When all game rounds were considered, our results showed no difference in 
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perceptions of the aim assistance and non-aim assisted condition. However, analysis of blowout 

races only in Gekku Aim did reveal differences in perception of fun and fairness. Unsurprisingly, 

winners of blowouts found the game more fun than losers. More interestingly, losers of blowouts 

found the game more fun in the balanced condition. This was a surprising result to us because we 

did not expect players who lost the round to have fun at all. On average, the score spread was 

lower (but not significantly) with aim assistance. This suggests losers of blowout games may 

have more fun when they are not losing by as wide a margin. 

Based on our results, data shows that players found being able to hit more often makes 

the game more fun. This is true even when the player is devastatingly outmatched by their 

opponent. Also, both winners and losers of blowouts found the game fairer in the balanced 

condition. This result is particularly surprising because we did not expect winners to care about 

whether the game was balanced for their opponent. We expected winners to only care about 

whether they won or not. This could indicate that players felt the game was more fair when they 

had a better chance of landing their shots, even in the case of lopsided wins. Balancing can have 

positive benefits even in games that have poorly balanced results. Players appear to appreciate 

being able to complete game tasks successfully and put up a fight even if they ultimately lose to a 

stronger opponent. 

4.2.3 Research Question 3: Persistence of Effects Over Time 

The SportFit camp ran for 10 days over a two-week period, resulting in six days of data. 

We observed participants over six days of play, during which time they played Gekku Aim and 

consequently came to recognize the difference between the balanced and non-balanced versions 

of the games. This differs from most earlier studies where play was observed over a single 

session, allowing us to look at the impact of balancing on longer-term player behaviour. We 

expected to see changes in behaviour over time as the players learned the algorithms’ properties. 

We expected that as players came to understand Gekku Aim’s aiming assistance algorithm, they 
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would fire more frequently, allowing the algorithm to compensate for any reduced accuracy. 

Surprisingly, we saw no difference in results between the beginning of the study (days 1 and 2) 

and the rest (days 3 through 6).  

A concern that designers may have about balancing for player ability is that players will 

stop trying to do their best. However, this appears not to be the case. Jensen and Grønbæk [30] 

found that the presence of balancing mechanisms had a positive impact on player effort in a short-

term study that looked at three different balancing strategies in an exergame. They found 

balancing to be motivating, and players rejected the notion that they would try less simply 

because balancing was present. 

Balancing in games does not necessarily reduce performance in longer-term play. 

Blowout games when one person loses by a large margin appears to have bigger negative effects 

on motivation. Players find close games to be more fun than unbalanced ones [17,50]. Our 

findings suggest that players try harder when there is a reasonable chance that either player could 

win, and that players continue to try harder in balanced games after extended play. The fact that 

the children in the SportFit study did not adapt to balancing by reducing the effort they put into 

the game—even after 6 days of play—is a reassuring result that is consistent with prior research.  

4.3 Recommendations for design and future work 

In this section we discuss what we have learned as a consequence of the results gained 

from this study. We have two recommendations: make aim assistance visible to the recipient, and 

use dynamic player balancing algorithms whenever possible.  

4.3.1 Aim assistance should be visible to the recipient 

The participants in our study were not informed that they were receiving aim assistance. 

This implicit balancing [30] hides the fact that there is assistance, creating an illusion of 

competing at the same level on skill alone. As discussed earlier, this may have hindered weaker 

players. Players did not take advantage of the decreased need to carefully aim at their targets. We 
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observed players carefully lining up their shots regardless of whether aim assistance was present 

or not. The participants did not adapt to the availability of aim assistance, as evidenced by no 

change in fire rate over the course of the study.  

We set the recharge time to give players enough time to aim between shots. Seven of 

eight participants were at MACS Level II which means they can handle most objects but with 

reductions in speed and quality of movement [18]. However, half of the participants had Low or 

Very Low scores on the Beery VMI, so it is possible that the length of time for recharge was 

insufficient to allow players to acquire their target. Given six days to adapt to the aim assistance 

in Gekku Aim, players still did not take advantage of the ability to shoot more often while still 

hitting the target. Even when given the chance to observe and learn a balancing algorithm, players 

may continue to play as if the algorithm is not present if they are not aware that there is help 

being offered to them. Prior work has shown that in short-term social play settings, explicit 

disclosure of skill assistance does not have a significant negative impact on play experience or 

fairness [17,30]. Our recommendation is that assistance should be made explicit to the players 

receiving the boost, so that they can adapt to its presence and learn to make use of it.  

4.3.2 Use dynamic balancing algorithms 

In the SportFit camp aiming study, players who had lower hit rates without aim 

assistance showed the most improvement when they received aim assistance. Players with higher 

hit rates in the non-aim assisted condition also saw improvement but to a lesser extent. Our 

aiming assistance algorithm used static rather than dynamic adjustment, providing all players 

with the same degree of assistance at the start of the round in the aim assistance condition. 

Consequently, everyone saw their hit rate improve, not just the weaker players. This was not the 

desired outcome. This approach was sufficient to cut in half the blowout rate between unassisted 

and assisted conditions but was not enough to reduce differences in score spread between players.  
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In this case, providing the same assistance to all players was not sufficient to balance the 

game. This result confirms the motivation for earlier research in dynamic balancing algorithms, 

where differing degrees of assistance are provided based on player performance. Stronger players 

did not need as much help, so they should not have received the same amount of assistance as a 

weaker player. By personalizing the aim assistance algorithm’s strength dynamically based on 

player performance, weaker players can receive more assistance as needed.  

4.4 Conclusion 

Balancing for player ability can help children with CP with different levels of physical 

ability play games together. Player balancing is particularly important in exergames where people 

who have different levels of physical ability, fitness, and impairment may want to play and 

compete together. In this study, we investigated how players reacted and adapted to the presence 

of balancing in exergames over time. The important results were that fire rate did not change, and 

score spread did not decrease in the presence of balancing. Our results demonstrated that 

balancing increased motivation versus non-balanced condition and in “blowout” games where 

one player dominated, perceived fun and fairness were higher for both winner and loser. These 

results were consistent from start to end of the SportFit study, showing that the effect of 

balancing on players continued even after opportunity to understand and adapt. Player balancing 

algorithms should be designed with the complex range of abilities in mind, so that multi-player 

games can be engaging and fun experiences for all players involved.  

Balancing algorithms in video games can reduce the gap in scores between kids at 

different fine motor ability levels. However, adjustable levels of assistance and visibility of in-

game help still present an issue; score spread did not change significantly, and fire rate did not 

change over time. In the following chapter we will address the two main issues arising from the 

analysis of this study and expand on a possible solution. 
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Chapter 5 

Fooma Farm: Proof of Concept for Customized Levels of Aim 

Assistance and Algorithm Visibility 

In Chapter 3, we introduced the difficulties that children with cerebral palsy encounter in 

aiming in video games, and presented our solution of novel game algorithms embodied in a 

custom aiming game. In Chapter 4, we evaluated the solution in a study and discussed the results. 

In this chapter, we present two main issues that arose from the study: visible versus non-visible 

assistance and personalized versus non-personalized assistance.  

5.1 Introduction 

From the SportFit study, we found several significant results. Overall, participants found 

games with closer scores to be more motivating and felt that these games were more fun and 

more fair than games where one of the players dominated the game. However, we also found that 

players did not change their fire rate, and that the score spread between players did not decrease. 

From analyzing the findings, our recommendations were that 1) games should use balancing 

algorithms capable of adjusting to players, and 2) players should be informed that they are 

receiving assistance so they can better make use of it.  

Using a custom example game—Fooma Farm—we present anecdotal feedback on the use 

of two new game mechanisms: an adjustable aim assistance cone, and glowing outlines on 

targets. The central question we are addressing is how well these two mechanisms work to 

address the two recommendations that arose from the SportFit study. The original direction of 

this chapter was to present the results of a study where we tested these mechanisms. However, 

during results analysis, we discovered that we could not use the statistics from performance data 
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due to data collection errors. The evaluation is presented with this in mind and is synthesized 

from semi-structured interviews of people who played Fooma Farm. 

5.2 Context: Fooma Farm 

Fooma Farm is a two-player competitive aiming game where the player’s goal is to shear 

more sheep than their opponent before a timer runs out. This game was created using assets from 

the Liberi game Bobo Ranch, featuring cartoon fooma sheep. The in-game screen is pictured in 

Figure 22: Setup of one player playing Fooma Farm. Not pictured is the second player who 

is set up similarly to the player’s left side. 

Figure 21: Red rancher bird shooting at a fooma. 
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Figure 21. Players use a handheld video game controller to fly a red or blue coloured rancher bird 

and shear fooma sheep by shooting razors. An example of the setup is shown in Figure 22. After 

players fire their razor, there is a short recharge time before they can fire again. This recharge 

time is indicated by the yellow recharge bar filling up (in the bottom left corner of the game 

screen in Figure 21). Hitting a fooma sheep with a razor makes the wool fly off, after which the 

sheep disappears. As fooma sheep are sheared, new sheep are automatically released into the 

arena to keep enough fooma sheep on the map for players to shear until the round ends. Players 

play three consecutive rounds before exiting the game. The winner of each round is the player 

with the most sheep sheared. At the beginning of each round, the fooma counter is reset to zero. 

The challenges with aiming in Fooma Farm are twofold: the target behaviour, and the 

combined aiming and movement scheme. The first challenge lies in the behaviour of the foomas. 

When the player is within close proximity, the fooma sheep scatter in a random direction away 

from the player. The intended challenge is that players need to aim from a distance rather than 

movement action 

exit game 

Figure 23: Control scheme used in Fooma Farm. Any of the four action buttons (ABXY) 

can be used to trigger the context-sensitive action. 
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shooting at close range from beside their targets. The second challenge is that player avatar 

movement and aiming are combined. The control scheme used by Fooma Farm is depicted in 

Figure 23. Pointing the left control stick in the desired direction of aim causes the player to move 

in that direction. This presents a challenge as players fire from a moving position in the direction 

they are headed instead of shooting from a stationary position. The combination of the scattering 

behaviour of fooma sheep and having to aim from a changing position are challenges that players 

have to overcome in the Fooma Farm minigame. 

5.3 Design choices and implementation 

In Fooma Farm, we intended to test two mechanisms: a personalized aim assistance cone, 

and glowing targets. The aim assistance was intended to help the player with hitting their targets. 

The glowing targets were intended to make clear to players that they are successfully targeting a 

fooma. These two mechanisms were used in combination during gameplay. 

5.3.1 Mechanism 1: Personalized Aim Assistance Cones 

We modified the aim assistance algorithm from the SportFit study to provide each player 

with a personalized level of aim assistance. The rationale behind this is that players should 

receive a level of help that suits their needs, rather than an all-or-nothing solution. The aim 

Figure 24: Personalized aim assistance cones used in Fooma Farm. 
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assistance algorithm used in Fooma Farm is a form of bullet magnetism, illustrated in Figure 24. 

The level of assistance determines the size of the area, shaped like a cone. Within this area, the 

target that is closest to the trajectory of the shot fired by the player is automatically hit by that 

shot. In Figure 24 (left), the player A is aiming at target B. The target is completely within the 

cone so the shot will hit. In  Figure 24 (middle), the player A is not aiming exactly at the target B 

but the target is still within the area of the aim assistance cone. This will count as a hit. In Figure 

24 (right), the player is not aiming at their target B and the target is outside of the reduced 

assistance area. This will be considered a miss. 

When the player is receiving the maximum amount of aim assistance, the bullet 

magnetism area is at the upper bound of the assistance area size (predetermined in-game). When 

players receive no assistance, the assistance area is set to the lower bound of zero and each shot 

hits or misses depending on the player’s aim. A static version (i.e., the aim assistance cone was 

always the same size) of this algorithm was used in the SportFit study, previously shown in 

Chapter 3.2.1: Figure 15. In the version used for Fooma Farm, we intended for the aim assistance 

cone to adjust depending on the player’s prior performance in a calibration minigame.  

5.3.1.1 Calibration minigame 

Before playing Fooma Farm, we had each person play a custom aiming game for 

calibration. In this simple target shooting game, players shoot at targets that appear around their 

Figure 25: Hitting (left) and a missing (right) a target in the calibration game. 
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in-game avatar. The screenshots shown in Figure 25 depict the calibration minigame in action. 

When the player character enters the game, they spawn in as a pink dinosaur in the centre of the 

screen. Each shot is measured by a zero-extent trace (previously defined in Chapter 2: Section 

2.3.2), where the path of a bullet is characterized by a straight-line vector. If the line intersects 

with a target’s hitbox—the area in which collisions against the target are considered to count as a 

hit—then the bullet is considered to have hit the target. An example of a shot that hits is shown in 

Figure 25 (left). A miss results in the target disappearing in a puff of smoke, shown in Figure 25 

(right). The targets also automatically disappear after enough time has elapsed, giving players a 

limited window to aim for each target. 

The calibration game was necessary for us to determine how much assistance players 

required. By finding out how well players performed within the context of a similar but simpler 

minigame, we could then adjust the amount of assistance to apply an appropriate level of aim 

assistance in Fooma Farm. We had all players play the same calibration game so that we had a 

quantitatively measured level of aiming ability. We calculated the hit rate—the percentage of hits 

versus the number of available attempts—using the scores from the calibration game. We 

originally intended to use the hit rate to provide players with a personalized level of assistance 

tailored to their needs in addition to the full and no levels of assistance. However, due to technical 

issues we were unable to offer this customized assistance in Fooma Farm.  

5.3.2 Mechanism 2: Glowing Targets 

The second of the two mechanisms that we introduced in Fooma Farm is a glow that 

outlines a fooma sheep. When the glowing target mechanism is active, there are visual cues when 

the player is certain to hit their target. The intention of the glowing target is to make it easier for 

players to figure out which targets they are aiming at. The visual cue is described by an animation 

that displays a yellow highlight (Figure 26) around the target.  
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The yellow colour was chosen to highlight an object of interest, and the glow was chosen 

to draw the player’s attention towards the target in the projected path of their razor shot. When 

this visual cue is present, it indicates that a shot fired at that moment in time will count as a hit 

against that highlighted target.  

5.4 Evaluation 

To test Fooma Farm, we recruited 18 pairs of participants (36 people) from the Queen’s 

University community to participate in a study. Eligible participants were Queen’s University 

students and adults from the Kingston community aged 17 years or older. Participants were 

required to have played at least 50 lifetime hours combined of any video game(s) using a game 

controller with a joystick and buttons, such as an Xbox or PlayStation controller. A copy of the 

recruitment notice is provided in Appendix F. 

During the session, participants filled out a demographic questionnaire, and played the 

calibration game before playing Fooma Farm. At the end of the session, participants took part in a 

semi-structured interview (Appendix I) and debrief (Appendix J). Our study was run under the 

aegis of Queen’s University at Kingston’s research ethics board, and a copy of the ethics board 

approval is in Appendix E. We are not reporting on this study in detail because we discovered 

Figure 26: The visual effect on a targeted fooma. 
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technical errors during the data analysis stage that rendered most gameplay data unusable. 

Instead, we present discussion drawn from participant quotations in the semi-structured 

interviews. 

5.5 Player Experience 

Regrettably, we were unable to provide meaningful data analysis due to gameplay data 

collection errors. In lieu of data analysis, we conducted semi-structured interviews with the 18 

pairs of participants at the end of the session. We looked at anecdotal player feedback on how 

players experienced an adjustable aim assistance cone, and glowing outlines on targets in Fooma 

Farm. 

5.5.1 Aim assistance cones 

In each round of Fooma Farm, both players received either no assistance, partial 

assistance, or the maximum amount of assistance available. Unfortunately, due to software error 

we failed to apply all the intended levels of assistance and thus were unable to use the 

performance data for meaningful analysis. In the rounds where there was no assistance applied, 

whether the player hit was based on the player’s aiming ability. Rounds with the maximum 

assistance applied meant that both players received the full amount of the aim assistance cone. 

The partial assistance was intended to be the personalized assistance level, where each player 

would receive an assistance level tailored to their own needs based on their calibration value. 

Players instead received a moderate amount of assistance (40% of the full amount) in place of a 

personalized level. 

Players were not explicitly told that aim assistance was present in Fooma Farm. Most 

players did not notice an aim assistance algorithm was present unless it was obvious. For 

example, a player noticed that “when the blades homed in on the sheep […]. That should have 

been a miss”. One player commented on the razor shots being “heat seeking” in a round with aim 

assistance on, while their partner did not notice at all. Another player stated, “I didn’t notice it 
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[aim assistance]. I only noticed it on the one level [with visual effects on and maximum aim 

assistance]” when they were informed about the presence of aim assistance algorithms in Fooma 

Farm during the debrief. 

5.5.2 Glowing targets 

Players were split on whether the visual effect helped or hindered. Players were not 

explicitly informed about the purpose of the glow, just that the glow would be present in some 

rounds and absent in other rounds. This led participants to form their own theories about why 

certain fooma sheep stood out. The golden colour of the glowing target mechanism may have 

thrown off some players. Comments such as “Do the gold ones give you more coins?” and “Why 

are they yellow? I don’t understand, they don’t give more coins” showed that players thought the 

glow was associated with reward. 

5.6 Discussion  

We synthesized our findings from player anecdotes into three categories: 1) what players 

thought about aim assistance in Fooma Farm, 2) what players thought about the glowing fooma 

sheep, and 3) what motivated them during these games. 

5.6.1 Aim assistance 

Nearly all players agreed that aim assistance in Fooma Farm—and more generally in 

video games—was a positive thing in a social atmosphere. This is consistent with prior research 

on competitive and social gaming settings. Of the 18 study participant pairs, 16 pairs were friends 

or familiar with each other prior to commencing the session, while 2 pairs of participants were 

paired by the researcher and were strangers that met for the first time at the study.  

Player opinion tended towards what would be most fun to play with friends. Even though 

Fooma Farm was designed to have players compete against each other, the co-located nature of 

the two-player game and that most participant pairs were already friends worked to promote 
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social play. A remark from a player reinforces this, “It’s more fun to keep things tense when it’s 

two guys on the couch […], I think that works well”. Another player remarked similarly in 

getting friends to be able to play together, “I think that’s [customized aim assistance] pretty good 

because that balances out the skill level. Because you have someone who’s so good and someone 

who barely picks up the controller. When you balance, they at least have that fair chance to win.” 

Having a fair chance to compete is more important when the game takes place in a 

competitive setting. When a player’s skill at winning a game contributes more to having fun than 

being able to play the game with your friends, players thought it was less fair to have aim 

assistance present. A player supported this with their remark saying, “I think for a local game, 

that’s fine [having aim assistance]. If you’re doing it for an online multiplayer game, I feel like 

that’s probably less fair. Because people train or whatever. I feel like they’d be pretty salty if a 

complete new guy could come in and just hit them in the head”. 

5.6.2 Visual indicators of target 

Colour-coded communication in video games is used for many reasons, such as colour 

identifiers to distinguish between different game elements, characters and areas [46]. The use of 

certain colours serves to draw attention towards and communicate an interaction. Red, for 

example, is often associated with negative consequences or antagonist elements, as one player 

stated, “If you see red that’s like a penalty colour”.  

In choosing a bright yellow for the glow and highlight, we wanted to grab the player’s 

attention and draw it towards the target. However, some players thought that foomas highlighted 

by the visual effect were high-value targets that gave more in-game points. As one player stated, 

“I thought there was some benefit to hitting the gold ones”. There was no such benefit, but the 

association between yellow and gold coins was an independently drawn conclusion that some 

players came to realize. 
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The players that realized the glow indicated an active game mechanism were split on 

their opinions regarding the visual effect. One player said, “I thought it was more challenging 

without the glowing thing which made it made it more exciting.” Their study partner stated, “I 

thought my aim was on point enough that the glowing sheep didn’t matter as much after the first 

little bit. At first it was more challenging without it. But after a while I got used to the direction 

and controls.”  

Players like to be challenged but they do not want their games to feel trivial. Overcoming 

challenges in games is part of the enjoyment. This is reinforced by comments such as “I want a 

bit of a challenge, but I don’t want it to be too hard” and “It’s not as satisfying if I’m not 

challenged”. However, other players made comments such as “I would not have wanted to play 

every match like that [with visual on, aim assist 100%] because it was starting to be too super 

easy.” For some players, having the visual effect made the game too easy and they disliked the 

perceived lack of challenge. As stated by a player, “There’s nothing worse than being stuck at a 

really hard level in a video game. But it’s also way nicer to beat that level. Whereas if you’re 

never stuck, you never appreciate it when you move past it.”  

5.6.3 Player motivations 

We were interested in what motivated players to win and to keep trying during the game. 

Fooma Farm is a very simple game, and we designed it so that there would not be much room for 

strategy. We expected that the multi-player aspect would continue to keep players engaged. This 

was true from the player anecdotes. Nearly all players during the interview said that they 

preferred to have someone in the room with them, and that they would have been less motivated 

to win and keep trying had their opponent not been physically present. Without a co-located 

competitor, a player said, “I think the motivation would have switched from beating my opponent 

[bot] to getting more coins”. As stated by one player, “I think it would have been not as 

motivating. I also know him [friend] so it’s an added level of motivation to beat him”.  
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5.7 Conclusion 

From the collected player anecdotes, we were able to see that typically developed adults 

who play a lot of games can figure out aim assistance is applied if it is extremely obvious. When 

aim assistance is applied in a subtle manner, players may not notice until informed. Players 

generally viewed aim assistance as positive in social play settings, but view it as negative in 

competitive play settings. When applying visual effects, players need to be informed to their 

purpose. There needs to be great care in selecting appropriate colours to draw attention to 

gameplay elements. When presented with a simple game, players can stay motivated by the 

presence of a co-located friend to play with. Game balancing algorithms need to be applied with 

care so that players are challenged but can still overcome in-game difficulties to seek enjoyment.
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Chapter 6 

Summary and Conclusions 

In this thesis, we have presented work that addresses the barriers to group play among 

children with cerebral palsy (CP). The solution we implemented was a custom aim assistance 

algorithm. Our evaluation took part in two stages. Through the Gekku Aim game detailed in 

Chapters 3 and 4, we investigated whether a custom aim assistance algorithm can be used to 

reduce the barrier to play from differences in fine motor ability, in an aiming game designed for 

children with cerebral palsy. We also learned how aim assistance affected the behaviour and 

perceived play experience of children with CP and the persistence of these effects over a period 

of time. Our follow-up investigation with Fooma Farm used an improved version of the player 

balancing algorithm tested at the SportFit camp. In Chapter 5, we described the two key 

improvements to our aim assistance algorithm: a visual indicator for targeting and an improved 

aim assistance algorithm. We collected anecdotal feedback from typically developed adults in a 

follow-up investigation. We now present a summary of our findings, and our takeaway points. 

6.1 Summary 

Balancing for player ability helps people who have different levels of ability play games 

together. The desired result of player balancing is for players to be able to compete on an equal 

footing, resulting in more fair games. Aim assistance, a specific form of player balancing, can be 

used to balance games so that people who have different levels of physical ability can play and 

compete together. We used a two-step approach to evaluate the effectiveness of an aim assistance 

algorithm designed for children with cerebral palsy.  



 

65 

 

In the SportFit camp study described in Chapters 3 and 4, we investigated how players 

reacted and adapted to the presence of balancing over time in a video game designed to 

accommodate children with cerebral palsy. When it came to game outcomes, we found the gap in 

player scores was decreased with aim assistance. However, this difference was not statistically 

significant. Our results demonstrated that the aim assistance increased motivation in all instances. 

Specifically, in “blowout” games where one player dominated, perceived fun and fairness were 

higher for both players when player balancing was present. These results were consistent over the 

study, showing that the effect of balancing on players continued even after opportunity to 

understand and adapt to the algorithm.  

We showed that using a static player balancing algorithm is not enough to reduce the 

barrier to play for children with cerebral palsy who have different fine motor abilities. While the 

algorithm reduced the number of “blowout” games, applying aim assistance evenly to players did 

not give the desired result. We determined that we needed to address the issue of adjustable levels 

of assistance, and assistance visibility not being made visible to players. We did not see the 

desired results because aim assistance was evenly applied to all players, and players were not 

aware they were receiving assistance so they could not make use of it effectively.  

In Fooma Farm, we applied a highlight to the target, and modified our aim assistance 

algorithm to apply different levels of aim assistance. 

We learned five key things from the work presented in this thesis. The first is that player 

balancing through aim assistance helps reduce the rate of extremely unbalanced “blowout” games 

for children with CP. Second, the presence of balancing in a competitive aiming game played in a 

social setting does not negatively impact the play experience of children with CP and typically 

developed adults. The third is that balancing algorithms should be both visible and explained to 

the players so they can choose to make use of them effectively. Fourth, game elements that draw 

attention to aim assistance need to be selected carefully with attention to colour. When applying 
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visual effects, players need to be informed about their purpose. Finally, people can stay motivated 

to play simple games by the presence of a co-located friend to compete against.  

6.2 Limitations  

There are several limitations to the work covered in this thesis. The Gekku Aim game 

tested in the SportFit study (introduced in Chapter 3) used a limited sample of participants from a 

highly specific population. It is possible that our findings covered in Chapter 4 may not be 

generalizable to children who have fine motor impairments caused by other disabilities. As well, 

it is possible that other aspects accounted for the lack of significant reduction in the score spread 

or the change in fire rate over time. Success in a game is multi-factorial—a person’s performance 

in a game can be affected by physical abilities like fine motor ability and reaction time, by 

personal experience, or by abilities in cognitive tasks such as spatial reasoning and fine motor 

planning [27].  

In Chapter 5, we explained that due to data collection errors, we could not perform 

statistical analysis of player performance in Fooma Farm. We believe Fooma Farm would benefit 

from retesting to have a quantitative measure of whether a personalized aim assistance algorithm 

and a visual targeting indicator helps or hinders players. We would apply three aim assistance 

conditions with typically developed adults: no assistance, full assistance, and a personalized level 

of assistance. We want to test the effectiveness of personalized aim assistance (for fine motor 

ability) on the typically developing population. If this is effective with typically developed adults, 

we can apply to children with CP to see if results are generalizable. To do this, we need 

quantitative measures of success such as the game outcome measures from SportFit camp. 

6.3 Future work 

Moving forward, we think that it is important to test personalized aim assistance 

algorithms as a form of player balancing on video games that children with CP want to play. This 

would allow us to determine if findings from the typically developed adult population can be 
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extended to our target population. Further, it would be beneficial to determine how to integrate 

fine motor ability tests into the calibration for personalized aim assistance to allow for 

individualized levels of assistance. Prior work on calibration games shows that gamification of 

calibration measuring tasks can be used effectively [21]. At this point, we lack knowledge on how 

to address fine motor impairments directly when applying player balancing algorithms. 

6.4 Conclusion 

We conclude that aim assistance algorithms in a video game for children with cerebral 

palsy can reduce the gap in player performance, and do not negatively impact how players feel 

about the fun and fairness of the game in the short and long term. People generally view aim 

assistance positively when it lets them play games with their friends, but they need to be informed 

about its presence so they can make use of it. Game balancing algorithms need to be applied with 

care so that players are challenged but can still overcome in-game difficulties to seek enjoyment. 

We have identified ways in which we can continue to expand our knowledge base about how we 

can balance video games so that children with limitations in fine motor ability can enjoy playing 

with friends.  
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Appendix I 

Semi-structured Interview Questions 

 
Semi-structured Interview Questions 

Throughout session: experimenter takes notes on player behaviour, noting down 

unusual/unexpected/interesting points and timestamps. 

Start of semi-structured interview: ask players about these noted behaviours. Ask them to elaborate 

and explain. 

After addressing observed behaviours: 

1. In some games you were given visual cues that showed when you would definitely hit 

something. In some games you didn’t have these indicators.  

a. Which did you prefer? Why? 

b. In these games, it wasn’t possible for you to see when the other player was getting 

assistance. Would you have liked to see when someone else was getting help? 

c. How would you feel if the other player saw when you were receiving assistance?  

2. Did you feel motivated to win? 

a. If no: Why not? What did you think would make the game more motivating? 

b. If yes: What parts of the game did you find to be motivating? 

c. If you were playing by yourself against bots (AI controlled enemies) rather than 

another person, do you think you would have been as motivated to win? 

3. Did you ever try to do something in the game and found that the game didn’t behave the way 

you expected it to?  

a. If yes: What did you try to do? What did you expect to happen? Did this happen often? 

4. Was it clear early on who was going to win, or did you feel that either of you could have won? 

Were there any times when you felt the game was unfair to you? To the other player?  

a. If yes: What would you change to make the game fairer? 

5. Do you think how often you won and lost had something to do with your ability to aim using a 

controller? 

a. If no: Did you think you should have won more often or less often? Why? 

6. A customized balancing algorithm was present in some games. In these games, any target 

within a cone at the time of fire was a guaranteed hit. So in those games it was easier for you 

to hit targets. The amount of help you got was determined your performance in the target 

shooting game. 

What are your thoughts on this kind of aim assistance? 
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