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Figure 5.15: Demonstrating the SSS_FLOCK signi�cant main e�ects for the response

variable steps. The coded values -1 and 1 represent the low and high factor levels,

respectively. The steeper the slope of the line the larger the di�erence e�ect sizes.

Figure 5.16: Demonstrating the SSS_FLOCK signi�cant 2-factor interactions for the

response variable steps. Parallel lines indicate that no interaction between the two

factors. Intersecting lines indicate that an interaction did occur.
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5.3.2.1.9 SSS_FLOCK Tokens Collected Terms

Figure 5.17 illustrates the statistically signi�cant main e�ects of SSS_FLOCK

model for the response variable tokens collected. The largest positive main e�ect is

PAC_VIS_LEN, and the largest negative main e�ect was the GH_VIS_LEN. The

FLEE_TIME main e�ect contributes only slightly less than increasing Pac-Man's

vision range.

Figure 5.18 illustrates the 2-factor interactions of the SSS_FLOCK model for the

response variable tokens collected. The �gure includes only factors which contributed

signi�cantly to the interaction of at least one other factor. If the lines intersect in

a cell it indicates that an interaction occurred between the factors. If parallel lines

occur in a cell it indicates that the factors do not interact. Similar to the previous

cases we observe that the ghosts and Pac-Man vision range interact with a large

number of other factors.

A full list of the terms included in the SSS_FLOCK steps model can be found in

Appendix A.1. Excluding the previously mentioned main e�ects, the terms with the

largest e�ect on the score response are the results of the interactions of the �ocking

separation and hunger and the interaction of alignment and cohesion The lack-of-�t

value for this value was p = 1.00, which indicates that terms omitted by this model

did not play a signi�cant role in the outcome of the experiment.
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Figure 5.17: Demonstrating the SSS_FLOCK signi�cant main e�ects for the response

variable tokens. The coded values -1 and 1 represent the low and high factor levels,

respectively. The steeper the slope of the line the larger the di�erence e�ect sizes.

Figure 5.18: Demonstrating the SSS_FLOCK signi�cant 2-factor interactions for the

response variable tokens. Parallel lines indicate that no interaction between the two

factors. Intersecting lines indicate that an interaction did occur.
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5.3.2.1.10 SSS_FLOCK Summary

In summary, the results of the SSS-AB* and �ocking algorithm illustrated a couple

of reoccurring themes. Generally, as expected the vision range factors are consistently

statistically signi�cant main e�ects and are often the largest positive and negative

e�ects. The factor FLEE_TIME produced consistently results as a statistically sig-

ni�cant main e�ect. For the response variables: score, repeated steps, tokens and

power-pellets collected the FLEE_TIME was similar in e�ect size to Pac-Man's vi-

sion range. The factor for the duration of the death state tended to be a statistically

signi�cant main e�ect but also showed to interact with a number of other factors,

especially the �ocking separation factor. The length of time the fruit was available

played a minor role in most response variables, and played an expected role in the

number of fruit acquired. The factors related to the �ocking algorithm tended to be

dominated by the separation and hunger factors. Often as main e�ects the �ocking

factors would be non-signi�cant, this is explained by the fact that each factor con-

tributes equally to the algorithm and thus may not sway the decision process with

only minor adjustments. However, the interactions of the �ocking algorithm were a

consistent staple in the top e�ects list. The �ocking hunger often interacted with

the other �ocking algorithm factors, but also occurred most often as a statistically

signi�cant main e�ect. The hunger contributed to increasing the number of close calls

and diminishing Pac-Man's overall results in a number of response variables such as

tokens collected and steps. As the results in Appendix A.1 will indicate the �ocking

algorithm factors interacted mostly in pairs. The factors �ock hunger and separa-

tion appeared as number of the largest statistically signi�cant terms. However, the

other reoccurring interaction set was the �ock factors alignment and cohesion usually

appearing in unison in the set of larger interactions.

5.3.2.2 SSS_GW Terms

The second algorithm pair evaluated was the SSS_GW. We selected four factors to

separate our game information, this resulted in 24 or 16 game combinations. The fac-

tors selected were the perceived value of the fruit (SSS_PERCEIVED_FRUIT), the
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frequency of the fruit creation (FRUIT_FREQ), the time the fruit was available on

screen (FRUIT_TIME) and �nally the range of Pac-Man's vision (PAC_VIS_LEN).

Due to the large number of game combinations for this case creating factorial

plots for the main e�ects and 2-factor interactions became an excessive task. The

previous section on SSS_FLOCK terms recombined all of the models for both cases.

This resulted in 10 di�erent models, one to explain each of the response variables.

This was possible due to the fact that restructuring the terms and selecting the top

127 terms including the necessary main e�ects, produced models that did not have

signi�cant lack-of-�t. This indicated that no signi�cant terms were excluded from the

model. However, lack-of-�t tests for recombining the SSS_GW terms indicating a

signi�cant lack-of-�t for each response variable. Thus, the SSS_GW model would be

limited by the 127 maximum number of terms per model. Thus a recombined model

would not be valid, and the results can not be used. The statistical signi�cance of

each term was calculated outside of this limitation. The factorial plots were calculated

for a model containing only the main e�ects and 2-factor interactions.

5.3.2.2.1 SSS_GW Close Call Terms

Figure 5.19 illustrates the statistically signi�cant main e�ects of SSS_GW model

for the response variable close calls. The largest positive main e�ect is GH_VIS_LEN,

and the largest negative main e�ect was the GW_AWAY_GH which moves ghosts

away from each other. The GW_AWAY_GH factor performs a similar task as the

FLOCK_SEP which provides an impulse to push ghosts away from each other. Sim-

ilar to the results of the FLOCK_SEP, the GW_AWAY_GH decreases the number

of close calls. This result occurs due to an increase in the e�ectiveness of the ghosts

performance. The GW_PAC_DIR which prioritizes moving towards Pac-Man's next

square based on the current path and direction, is one of the largest e�ects and has

a positive e�ect on the number of close calls. The main e�ect size of the Pac-Man's

direction is larger than the main e�ect size of GW_PAC, which prioritizes Pac-Man's

current position. In addition, the FLEE_TIME and DEATH_TIME decreased the

number of close calls as increased. Interestingly, this is one of the few cases where
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the GW_FT main e�ect is statistically signi�cant. The GW_FT indicates a priority

to protect the fruit for the ghosts.

Figure 5.20 illustrates the 2-factor interactions of the SSS_GW model for the

response variable close calls. The �gure includes only factors which contributed sig-

ni�cantly to the interaction of at least one other factor. If the lines intersect in a cell

it indicates that an interaction occurred between the factors. If parallel lines occur in

a cell it indicates that the factors do not interact. The largest interactions occurred as

a a result of the vision parameters. The GW_PP factor which was not a statistically

signi�cant main e�ect, interacts in a statistically signi�cant way with the the vision

and state factors producing the next largest e�ect sizes.

A full list of the statistically signi�cant main e�ects and 2-factor interactions for

the SSS_GW close calls model can be found in Appendix A.1. The lack-of-�t value

for this value was p = 0.00, which indicates that terms omitted by this model played

a signi�cant role in the outcome of the experiment. In this case the 127 maximum

number of terms limited the analysis of the model, and the statistical signi�cance of

the terms was calculated independent of the term limitation.
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Figure 5.19: Demonstrating the SSS_GW signi�cant main e�ects for the response

variable Close Calls. The coded values -1 and 1 represent the low and high factor

levels, respectively. The steeper the slope of the line the larger the di�erence e�ect

sizes.

Figure 5.20: The SSS_GW signi�cant 2-factor interactions for the response variable

Close Calls. Parallel lines indicate no interaction occurred between terms, intersecting

lines indicate interaction.
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5.3.2.2.2 SSS_GW Fruits Collected Terms

Figure 5.21 illustrates the statistically signi�cant main e�ects of SSS_GW model

for the response variable fruit collected. The largest negative main e�ect occurred

from factor GH_VIS_LEN, and the largest positive main e�ect occurred from the

factor DEATH_TIME. The positive e�ect of the DEATH_TIME factor indicates

that Pac-Man used a portion of this time to achieve bonus task. The FLEE_TIME

and GW_AWAY_GH had some of the largest statistically signi�cant e�ect sizes.

Figure 5.22 illustrates the 2-factor interactions of the SSS_GW model for the

response variable fruit collected. The �gure includes only factors which contributed

signi�cantly to the interaction of at least one other factor. If the lines intersect in

a cell it indicates that an interaction occurred between the factors. If parallel lines

occur in a cell it indicates that the factors do not interact. The largest interactions

occurred as a result of GW_TO_GH and FLEE_TIME factor. This supports the

idea that Pac-Man was e�ective in consuming ghosts with the additional �ee time

and then used the ghost free time to collected fruits. Additional support for this play

style is provided by another of the largest interactions coming from the interaction of

GW_TO_GH and GW_PP factors.

A full list of the statistically signi�cant main e�ects and 2-factor interactions

for the SSS_GW fruit collected model can be found in Appendix A.1. The lack-

of-�t value for this value was p = 0.00, which indicates that terms omitted by this

model played a signi�cant role in the outcome of the experiment. In this case the

127 maximum number of terms limited the analysis of the model, and the statistical

signi�cance of each term was recalculated independent of the term limitation.
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Figure 5.21: Demonstrating the SSS_GW signi�cant main e�ects for the response
variable fruits eaten. The coded values -1 and 1 represent the low and high factor
levels, respectively. The steeper the slope of the line the larger the di�erence e�ect
sizes.

Figure 5.22: Demonstrating the SSS_GW signi�cant 2-factor interactions for the

response variable fruit eaten. Parallel lines indicate that no interaction between the

two factors. Intersecting lines indicate that an interaction did occur.
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5.3.2.2.3 SSS_GW Ghosts Eaten Terms

Figure 5.23 illustrates the statistically signi�cant main e�ects of SSS_GW model

for the response variable ghosts eaten. The largest positive main e�ect occurred from

the GH_VIS_LEN factor, and the largest negative main e�ect occurred from factor

GW_AWAY_GH. As expected, the GW_TO_GH played a statistically signi�cant

role for this response as moving �eeing ghosts towards each other would allow for a

greater number to be eaten in a short span of time. This cases contained a large

number of statistically signi�cant main e�ects and 2-factor interactions, only the

GW_FT factor was not signi�cant.

Figure 5.24 illustrates the 2-factor interactions of the SSS_GW model for the

response variable ghosts eaten. The �gure includes only factors which contributed

signi�cantly to the interaction of at least one other factor. If the lines intersect in

a cell it indicates that an interaction occurred between the factors. If parallel lines

occur in a cell it indicates that the factors do not interact. The majority of the

interactions had negative e�ects, the largest negative interaction occurred as a result

of the FLEE_TIME and GH_VIS_LEN.

A full list of the statistically signi�cant main e�ects and 2-factor interactions for

the SSS_GW ghosts eaten model can be found in Appendix A.1. The lack-of-�t value

for this value was p = 0.00, which indicates that terms omitted by this model played

a signi�cant role in the outcome of the experiment. In this case the 127 maximum

number of terms limited the analysis of the model, and the statistical signi�cance of

each term was recalculated independent of the term limitation.
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Figure 5.23: Demonstrating the SSS_GW signi�cant main e�ects for the response
variable ghosts eaten. The coded values -1 and 1 represent the low and high factor
levels, respectively. The steeper the slope of the line the larger the di�erence e�ect
sizes.

Figure 5.24: Demonstrating the SSS_GW signi�cant 2-factor interactions for the

response variable ghosts eaten. Parallel lines indicate that no interaction between the

two factors. Intersecting lines indicate that an interaction did occur.
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5.3.2.2.4 SSS_GW Levels Completed Terms

Figure 5.25 illustrates the statistically signi�cant main e�ects of SSS_GW model

for the response variable levels completed. The two largest main e�ect were both

negative, they were the GW_AWAY_GH and GH_VIS_LEN. The largest positive

main e�ects were the FLEE_TIME and DEATH_TIME indicating the additional

predator time is being used to complete level tasks in addition to the bonus tasks

shown in the previous section.

Figure 5.26 illustrates the 2-factor interactions of the SSS_GW model for the

response variable levels completed. The �gure includes only factors which contributed

signi�cantly to the interaction of at least one other factor. If the lines intersect in

a cell it indicates that an interaction occurred between the factors. If parallel lines

occur in a cell it indicates that the factors do not interact. The factors with the

largest statistically signi�cant e�ects are interactions include the GW_TO_GH and

DEATH_TIME factors and the FLEE_TIME and DEATH_TIME. In addition, the

interaction of the GW_PP and GH_VIS_LEN produces a negative e�ective on the

number of levels completed.

A full list of the statistically signi�cant main e�ects and 2-factor interactions for

the SSS_GW levels completed model can be found in Appendix A.1. The lack-of-

�t value for this value was p = 0.00, which indicates that terms omitted by this

model played a signi�cant role in the outcome of the experiment. In this case the

127 maximum number of terms limited the analysis of the model, and the statistical

signi�cance of each term was recalculated independent of the term limitation.
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Figure 5.25: Demonstrating the SSS_GW signi�cant main e�ects for the response
variable levels completed. The coded values -1 and 1 represent the low and high factor
levels, respectively. The steeper the slope of the line the larger the di�erence e�ect
sizes.

Figure 5.26: Demonstrating the SSS_GW signi�cant 2-factor interactions for the

response variable levels completed. Parallel lines indicate that no interaction between

the two factors. Intersecting lines indicate that an interaction did occur.
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5.3.2.2.5 SSS_GW Power-Pellets Collected Terms

Figure 5.27 illustrates the statistically signi�cant main e�ects of SSS_GW model

for the response variable power-pellets collected. The largest main e�ect was the

GH_VIS_LEN. The largest positive main e�ect was the FLEE_TIME factor.

Figure 5.28 illustrates the 2-factor interactions of the SSS_GW model for the

response variable power-pellets collected. The �gure includes only factors which con-

tributed signi�cantly to the interaction of at least one other factor. If the lines

intersect in a cell it indicates that an interaction occurred between the factors. If

parallel lines occur in a cell it indicates that the factors do not interact. The largest

2-factor interaction occurred as a negative e�ect of the GW_PP and GH_VIS_LEN

interaction. Unlike the previously discussed models the 2-factor interactions e�ect

size where similar in size for quite a few interactions.

A full list of the statistically signi�cant main e�ects and 2-factor interactions for

the SSS_GW power-pellets collected model can be found in Appendix A.1. The lack-

of-�t value for this value was p = 0.00, which indicates that terms omitted by this

model played a signi�cant role in the outcome of the experiment. In this case the

127 maximum number of terms limited the analysis of the model, and the statistical

signi�cance of each term was recalculated independent of the term limitation.
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Figure 5.27: Demonstrating the SSS_GW signi�cant main e�ects for the response
variable Power-Pellets. The coded values -1 and 1 represent the low and high factor
levels, respectively. The steeper the slope of the line the larger the di�erence e�ect
sizes.

Figure 5.28: Demonstrating the SSS_GW signi�cant 2-factor interactions for the

response variable Power-Pellets. Parallel lines indicate that no interaction between

the two factors. Intersecting lines indicate that an interaction did occur.
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5.3.2.2.6 SSS_GW Repeated Squares Terms

Figure 5.29 illustrates the statistically signi�cant main e�ects of SSS_GW model

for the response variable repeated squares. The largest negative main e�ect was

the GH_VIS_LEN. The largest positive main e�ect was the FLEE_TIME factor.

Interestingly, this is one of the few cases where the GW_FT main e�ect is statistically

signi�cant. The GW_FT indicates a priority to protect the fruit for the ghosts.

Figure 5.30 illustrates the 2-factor interactions of the SSS_GW model for the re-

sponse variable repeated squares. The �gure includes only factors which contributed

signi�cantly to the interaction of at least one other factor. If the lines intersect in a

cell it indicates that an interaction occurred between the factors. If parallel lines oc-

cur in a cell it indicates that the factors do not interact. The largest positive 2-factor

interaction occurred from the FLEE_TIME and DEATH_TIME factors. The inter-

action of GW_PAC_DIR and GH_VIS_LEN produced one of the highest negative

interactions. This indicates improved vision and focus on Pac-Man's direction can

e�ectively decrease Pac-Man's life span and repeated squares.

A full list of the statistically signi�cant main e�ects and 2-factor interactions for

the SSS_GW repeated squares model can be found in Appendix A.1. The lack-of-

�t value for this value was p = 0.00, which indicates that terms omitted by this

model played a signi�cant role in the outcome of the experiment. In this case the

127 maximum number of terms limited the analysis of the model, and the statistical

signi�cance of each term was recalculated independent of the term limitation.
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Figure 5.29: Demonstrating the SSS_GW signi�cant main e�ects for the response
variable repeated squares. The coded values -1 and 1 represent the low and high
factor levels, respectively. The steeper the slope of the line the larger the di�erence
e�ect sizes.

Figure 5.30: Demonstrating the SSS_GW signi�cant 2-factor interactions for the

response variable repeated squares. Parallel lines indicate that no interaction between

the two factors. Intersecting lines indicate that an interaction did occur.
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5.3.2.2.7 SSS_GW Score Terms

Figure 5.31 illustrates the statistically signi�cant main e�ects of SSS_GW model

for the response variable score. The largest negative main e�ect was occurred from

the factor GW_AWAY_GH. The largest positive main e�ect was the FLEE_TIME

factor. This was one of the �rst cases where the ghosts' vision range was not one of

the largest e�ect sizes, although the ghosts' vision range is still statistically signi�cant

for this case.

Figure 5.32 illustrates the 2-factor interactions of the SSS_GW model for the re-

sponse variable score. The �gure includes only factors which contributed signi�cantly

to the interaction of at least one other factor. If the lines intersect in a cell it indicates

that an interaction occurred between the factors. If parallel lines occur in a cell it

indicates that the factors do not interact. The largest positive 2-factor interaction

occurred from the FLEE_TIME and DEATH_TIME factors. The largest negative

e�ect occurred as a result of GW_AWAY_GH and GH_VIS_LEN. The interaction

of the GW_PP and GW_TO_GH produced a highly negative e�ect. This result

is potentially caused by one of two scenarios, the �rst scenario is Pac-Man is un-

able to obtain the power-pellets because the ghosts are clustered tightly protecting

the power-pellets. The second scenario involves Pac-Man successfully obtaining the

power-pellet but being killed by ghost's turning from prey to predator.

A full list of the statistically signi�cant main e�ects and 2-factor interactions for

the SSS_GW score model can be found in Appendix A.1. The lack-of-�t value for

this value was p = 0.00, which indicates that terms omitted by this model played

a signi�cant role in the outcome of the experiment. In this case the 127 maximum

number of terms limited the analysis of the model, and the statistical signi�cance of

each term was recalculated independent of the term limitation.
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Figure 5.31: Demonstrating the SSS_GW signi�cant main e�ects for the response
variable score. The coded values -1 and 1 represent the low and high factor levels,
respectively. The steeper the slope of the line the larger the di�erence e�ect sizes.

Figure 5.32: Demonstrating the SSS_GW signi�cant 2-factor interactions for the

response variable score. Parallel lines indicate that no interaction between the two

factors. Intersecting lines indicate that an interaction did occur.
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5.3.2.2.8 SSS_GW Steps Terms

Figure 5.33 illustrates the statistically signi�cant main e�ects of SSS_GW model

for the response variable steps. The largest statistically signi�cant main e�ects where

similar to other models. The largest negative main e�ects where the GH_VIS_LEN

and GW_AWAY_GH. The largest positive main e�ects where the FLEE_TIME and

DEATH_TIME. Interestingly, this is one of the few cases where the GW_FT main

e�ect is statistically signi�cant. The GW_FT indicates a priority to protect the fruit

for the ghosts.

Figure 5.34 illustrates the 2-factor interactions of the SSS_GW model for the

response variable steps. The �gure includes only factors which contributed signi�-

cantly to the interaction of at least one other factor. If the lines intersect in a cell it

indicates that an interaction occurred between the factors. If parallel lines occur in

a cell it indicates that the factors do not interact. Aside from the interactions of the

four largest main e�ects, we observe that GW_TO_GH, GW_PP, GW_PAC and

GW_PAC_DIR factors produce the next set of largest interactions.

A full list of the statistically signi�cant main e�ects and 2-factor interactions for

the SSS_GW steps model can be found in Appendix A.1. The lack-of-�t value for

this value was p = 0.00, which indicates that terms omitted by this model played

a signi�cant role in the outcome of the experiment. In this case the 127 maximum

number of terms limited the analysis of the model, and the statistical signi�cance of

each term was recalculated independent of the term limitation.
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Figure 5.33: Demonstrating the SSS_GW signi�cant main e�ects for the response
variable steps. The coded values -1 and 1 represent the low and high factor levels,
respectively. The steeper the slope of the line the larger the di�erence e�ect sizes.

Figure 5.34: Demonstrating the SSS_GW signi�cant 2-factor interactions for the

response variable steps. Parallel lines indicate that no interaction between the two

factors. Intersecting lines indicate that an interaction did occur.
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5.3.2.2.9 SSS_GW Tokens Collected Terms

Figure 5.35 illustrates the statistically signi�cant main e�ects of SSS_GW model

for the response variable steps. The largest statistically signi�cant main e�ects where

similar to other models. The largest negative main e�ect was the GH_VIS_LEN.

The largest positive main e�ect the FLEE_TIME. For this case only 7 of the main

e�ects were statistically signi�cant.

Figure 5.36 illustrates the 2-factor interactions of the SSS_GW model for the

response variable steps. The �gure includes only factors which contributed signi�-

cantly to the interaction of at least one other factor. If the lines intersect in a cell it

indicates that an interaction occurred between the factors. If parallel lines occur in

a cell it indicates that the factors do not interact. Aside from the interactions of the

four largest main e�ects, we observe that GW_TO_GH, GW_PP, GW_PAC and

GW_PAC_DIR factors produce the next set of largest interactions.

A full list of the statistically signi�cant main e�ects and 2-factor interactions for

the SSS_GW steps model can be found in Appendix A.1. The lack-of-�t value for

this value was p = 0.00, which indicates that terms omitted by this model played

a signi�cant role in the outcome of the experiment. In this case the 127 maximum

number of terms limited the analysis of the model, and the statistical signi�cance of

each term was recalculated independent of the term limitation.
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Figure 5.35: Demonstrating the SSS_GW signi�cant main e�ects for the response
variable steps. The coded values -1 and 1 represent the low and high factor levels,
respectively. The steeper the slope of the line the larger the di�erence e�ect sizes.

Figure 5.36: Demonstrating the SSS_GW signi�cant 2-factor interactions for the

response variable tokens. Parallel lines indicate that no interaction between the two

factors. Intersecting lines indicate that an interaction did occur.
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5.3.2.2.10 SSS_GW Summary

The results presented in this section showed a signi�cant lack-of-�t for all models.

This indicates statistically signi�cant terms were excluded from the model. In ad-

dition, it indicates that our models have to the potential for higher explanation of

variation.

The results from the SSS_GW response variables found in Appendix A.2 consis-

tently indicate that the ghost vision range, the length of death time, the length of

�ee time and the factor to move away from other ghosts (GW_AWAY_GH) are the

largest contributors in terms of e�ect sizes. The length of �ee and death state time

factors for ghosts are the largest contributors for the positive e�ects, while ghost vi-

sion range and the force to move away from other ghosts (GW_AWAY_GH) are the

largest and most consistent among the negative e�ects. As main e�ects the factors

GW_TOKEN, GW_TO_GH and GW_PAC tend to be the next most in�uential

factors, which indicate that protecting tokens, supporting other ghosts and chasing

Pac-Man are the most e�ective portions of the ghost strategies in this situation.

The factor GW_TOKEN plays a signi�cant negative role in terms of the number

of levels completed. We attribute this to an increase in di�culty as Pac-Man collects

tokens. As this collection takes place, the number of areas to protect decreases and so

the ghosts can focus on centralizing their defensive strategy to protect speci�c areas.

The factor GW_TO_GH becomes a prominent factor for the number of ghosts eaten

response variable due to the fact that ghosts which group closer together can be eaten

by Pac-Man more quickly. As well, larger groups attract Pac-Man's attention over

smaller separated groups. An interesting note for comparing factor GW_PAC and

GW_PAC_DIR which represent Pac-Man's current position and Pac-Man's assumed

next position given direction is that despite the close proximity of the two positions

the e�ects size can greatly di�er between response variables. The GW_PAC_DIR

main e�ect is statistically signi�cant for a greater number of response variables. In

addition, the e�ect size for the the GW_PAC_DIR is much larger than the GW_PAC

e�ect size for the response variable close calls. This indicates that guessing Pac-Man's

next position serves to slightly increase the chasing and capturing capabilities of the
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ghosts. The GW_PAC_DIR allows slightly decreases the number of ghosts eaten

and the overall score of the player.

5.3.2.3 PW_FLOCK Terms

The next algorithm pair we evaluated was the PW_FLOCK, we separated the data

based on seven factors the �rst was the frequency of fruit creation followed by six

factors related to the Pac-Man weighted heuristics algorithm which were the priority

of the: token, power-pellet, edible ghosts , moving away from predator ghosts, moving

away from the center of the predator ghosts and toward the center of the items. Unlike

the previous sections which utilized factorial plots graphics to further elaborate the

experiment results, the results from this section and the following section contain

too many experiment runs to be calculate the factorial plots graphics. Instead, this

section will simply present tables of the main e�ects and the 2-factor interactions.

The terms statistical signi�cance was calculated based on 95% con�dence or α = 0.05.

Section 5.3.4.3 contains further information pertaining to the con�dence intervals for

the PW_FLOCK algorithm.

5.3.2.3.1 PW_FLOCK Close Calls Terms

Table 5.7 illustrates the PW_FLOCK model statistically signi�cant main e�ects

and 2-factor interactions for the response variable close calls. A * indicates main

e�ects which are not statistically signi�cant to the experiment results. Main e�ects

which are not statistically signi�cant have been included in the table because one

of their interactions is signi�cant. The largest positive main e�ect occurred from

the factor FLOCK_HUNGER. The largest negative main e�ect is GH_VIS_LEN.

Unlike previous algorithms the DEATH_TIME factor is not a signi�cant main e�ect,

although it does contribute to other signi�cant interactions. The largest interactions

are the result of the FLOCK_SEP and FLOCK_HUNGER and FLOCK_HUNGER

and GH_VIS_LEN, both of which are positive e�ects.
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Main E�ect E�ect Size 2-Factor Interaction E�ect Size

PW_FRT (A) -0.33 A*I -0.45
FLOCK_SEP (B) -0.79 B*C 1.36
FLOCK_ALI(C) -4.34 B*D 1.36
FLOCK_COH (D) -4.34 B*E 9.84

FLOCK_HUNGER(E) 13.16 B*G -0.54
FRT_TIME(F) * B*I 0.73
FLEE_TIME(G) -4.08 B*J 1.28

DEATH_TIME (H) * C*D -0.40
PAC_VIS_LEN (I) 4.76 C*E -1.17
GH_VIS_LEN (J) -6.97 C*I -0.68

C*J -1.49
D*E -1.17
D*I -0.68
D*J -1.49
E*G -0.59
E*I 1.21
E*J 3.74
G*H 1.22
G*I -2.11
G*J 1.98
H*I -0.51
H*J 0.55
I*J -0.76

Table 5.7: Statistically signi�cant main e�ects and 2-factor interactions from the
PW_FLOCK algorithm for the response variable Close Calls. * indicates terms
whose main e�ect are not statistically signi�cant but contribute to a signi�cant 2-
factor interaction.

5.3.2.3.2 PW_FLOCK Fruits Collected Terms

Table 5.8 illustrates the PW_FLOCK model statistically signi�cant main e�ects

and 2-factor interactions for the response variable fruits collected. A * indicates

main e�ects which are not statistically signi�cant to the experiment results. Main

e�ects which are not statistically signi�cant have been included in the table be-

cause one of their interactions is signi�cant. The largest positive main e�ect is the

FRUIT_TIME. The largest negative main e�ect is GH_VIS_LEN. Similar to the

previous PW_FLOCK response variable the DEATH_TIME main e�ect was not

signi�cant, however in this case DEATH_TIME only interacts with FLEE_TIME.

In addition, the PW_FRUIT_FOR factor that emphasis collecting the fruit does
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produce one of the largest positive main e�ects. The signi�cant 2-factor interactions

of this case produced similar results for all interactions.

Main E�ect E�ect Size 2-Factor Interaction E�ect Size

PW_FRT (A) 0.05 A*F 0.01
FLOCK_SEP (B) * A*G 0.01
FLOCK_ALI(C) 0.01 A*I 0.01
FLOCK_COH (D) 0.01 A*J -0.01

FLOCK_HUNGER(E) -0.01 B*E 0.01
FRT_TIME(F) 0.12 B*J 0.01
FLEE_TIME(G) 0.02 C*D -0.01

DEATH_TIME (H) * C*F 0.01
PAC_VIS_LEN (I) 0.03 C*I -0.01
GH_VIS_LEN (J) -0.04 C*J -0.01

D*F 0.01
D*I -0.01
D*J -0.01
E*G -0.01
E*I 0.01
F*G 0.01
F*I 0.01
F*J -0.01
G*H 0.01
G*I -0.01
G*J 0.01
I*J -0.01

Table 5.8: Statistically signi�cant main e�ects and 2-factor interactions from the
PW_FLOCK algorithm for the response variable fruit collected. * indicates terms
whose main e�ect are not statistically signi�cant but contribute to a signi�cant 2-
factor interaction.

5.3.2.3.3 PW_FLOCK Ghosts Eaten Terms

Table 5.9 illustrates the PW_FLOCK model statistically signi�cant main e�ects

and 2-factor interactions for the response variable ghosts eaten. A * indicates main

e�ects which are not statistically signi�cant to the experiment results. Main e�ects

which are not statistically signi�cant have been included in the table because one of

their interactions is signi�cant. The largest positive main e�ect is the FLEE_TIME.

The largest negative main e�ect is FLOCK_HUNGER. Similar to the previous re-

sponse variable, the DEATH_TIME main e�ect was not signi�cant, however in this



162

case DEATH_TIME only interacts with the FLOCK_SEP and FLOCK_HUNGER.

Main E�ect E�ect Size 2-Factor Interaction E�ect Size

PW_FRT (A) * A*B 0.01
FLOCK_SEP (B) 0.04 A*G -0.01
FLOCK_ALI(C) 0.01 A*J -0.01
FLOCK_COH (D) 0.01 B*C -0.01

FLOCK_HUNGER(E) -0.05 B*D -0.01
FRT_TIME(F) * B*E 0.01
FLEE_TIME(G) 0.33 B*H 0.01

DEATH_TIME (H) * B*I 0.02
PAC_VIS_LEN (I) 0.06 B*J 0.04
GH_VIS_LEN (J) -0.03 C*D 0.01

C*I -0.01
C*J -0.01
D*I -0.01
D*J -0.01
E*G -0.02
E*H -0.01
E*J -0.01
G*I -0.01
G*J -0.03
I*J 0.01

Table 5.9: Statistically signi�cant main e�ects and 2-factor interactions from the
PW_FLOCK algorithm for the response variable ghosts eaten. * indicates terms
whose main e�ect are not statistically signi�cant but contribute to a signi�cant 2-
factor interaction.

5.3.2.3.4 PW_FLOCK Levels Completed Terms

Table 5.10 illustrates the PW_FLOCK model statistically signi�cant main e�ects

and 2-factor interactions for the response variable levels completed. A * indicates

main e�ects which are not statistically signi�cant to the experiment results. Main

e�ects which are not statistically signi�cant have been included in the table be-

cause one of their interactions is signi�cant. The largest positive main e�ect is the

PAC_VIS_LEN. The largest negative main e�ect is GH_VIS_LEN. The interac-

tions for factors all showed to be similar in response.
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Main E�ect E�ect Size 2-Factor Interaction E�ect Size

PW_FRUIT_FOR (A) * B*C -0.01
FLOCK_SEP (B) * B*D -0.01
FLOCK_ALI (C) 0.01 B*E 0.01
FLOCK_COH (D) 0.01 B*G -0.01

FLOCK_HUNGER (E) * B*I 0.01
FRUIT_TIME (F) * B*J 0.01
FLEE_TIME (G) 0.02 C*D -0.01
DEATH_TIME (H) 0.01 C*J -0.01
PAC_VIS_LEN (I) 0.04 D*J -0.01
GH_VIS_LEN (J) -0.04 E*H -0.01

E*J 0.01
F*J 0.01
G*H 0.01
G*J 0.01
H*I -0.01
I*J -0.01

Table 5.10: Statistically signi�cant main e�ects and 2-factor interactions from the
PW_FLOCK algorithm for the response variable levels completed. * indicates terms
whose main e�ect are not statistically signi�cant but contribute to a signi�cant 2-
factor interaction.

5.3.2.3.5 PW_FLOCK Power-Pellets Collected Terms

Table 5.11 illustrates the PW_FLOCK model statistically signi�cant main ef-

fects and 2-factor interactions for the response variable power-pellets collected. A

* indicates main e�ects which are not statistically signi�cant to the experiment re-

sults. Main e�ects which are not statistically signi�cant have been included in the

table because one of their interactions is signi�cant. The largest positive main ef-

fect is the PAC_VIS_LEN. The largest negative main e�ect is GH_VIS_LEN. The

FLEE_TIME main e�ect was one of the larger positive e�ects, indicating that the

additional �ee time was aiding Pac-Man get to the next power-pellet. The largest

2-factor interactions are positive and occur as a result of the �ocking algorithms

separation and hunger along with improving the ghosts vision range. A potential

explanation of this results is that the �ock maintained a tight formation which made

some areas of the board to dangerous for Pac-Man. With improved vision and sepa-

ration the ghosts would spread out a bit more to chase Pac-Man.
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Main E�ect E�ect Size 2-Factor Interaction E�ect Size

PW_FRUIT_FOR (A) * B*C -0.01
FLOCK_SEP (B) -0.01 B*D -0.01
FLOCK_ALI (C) 0.01 B*E 0.04
FLOCK_COH (D) 0.01 B*F 0.01

FLOCK_HUNGER (E) -0.02 B*G -0.01
FRUIT_TIME (F) * B*I 0.01
FLEE_TIME (G) 0.09 B*J 0.04
DEATH_TIME (H) 0.01 C*E -0.01
PAC_VIS_LEN (I) 0.2 C*I -0.01
GH_VIS_LEN (J) -0.19 C*J -0.01

D*E -0.01
D*I -0.01
D*J -0.01
E*H -0.01
E*I 0.01
F*J 0.01
G*H 0.01
G*I -0.01
G*J 0.01
H*I -0.01
I*J -0.01

Table 5.11: Statistically signi�cant main e�ects and 2-factor interactions from the
PW_FLOCK algorithm for the response variable power-pellets collected. * indicates
terms whose main e�ect are not statistically signi�cant but contribute to a signi�cant
2-factor interaction.

5.3.2.3.6 PW_FLOCK Repeated Squares Terms

Table 5.12 illustrates the PW_FLOCK model statistically signi�cant main e�ects

and 2-factor interactions for the response variable repeated squares. A * indicates

main e�ects which are not statistically signi�cant to the experiment results. Main

e�ects which are not statistically signi�cant have been included in the table be-

cause one of their interactions is signi�cant. The largest positive main e�ect is the

FLEE_TIME. The largest negative main e�ect is GH_VIS_LEN. Similar to the

other cases, the �ocking separation and hunger along with the ghosts' vision played

an statistically signi�cant role.
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Main E�ect E�ect Size 2-Factor Interaction E�ect Size

PW_FRUIT_FOR (A) -0.37 A*I -0.40

FLOCK_SEP (B) -0.72 B*C -1.04

FLOCK_ALI (C) 1.57 B*D -1.04

FLOCK_COH (D) 1.57 B*E 3.96

FLOCK_HUNGER (E) -1.13 B*G -1.40

FRUIT_TIME (F) * B*H 0.51

FLEE_TIME (G) 9.35 B*I 0.89

DEATH_TIME (H) 1.24 B*J 3.80

PAC_VIS_LEN (I) 9.02 C*D -0.41

GH_VIS_LEN (J) -14.53 C*E -0.39

C*I -1.04

C*J -1.15

D*E -0.39

D*I -1.04

D*J -1.15

E*I 0.33

E*J -0.34

G*H 1.56

G*I -1.93

G*J 1.4

H*I -0.98

I*J -0.36

Table 5.12: Statistically signi�cant main e�ects and 2-factor interactions from the

PW_FLOCK algorithm for the response variable repeated squares. * indicates terms

whose main e�ect are not statistically signi�cant but contribute to a signi�cant 2-

factor interaction.
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5.3.2.3.7 PW_FLOCK Score Terms

Table 5.13 illustrates the PW_FLOCK model statistically signi�cant main e�ects

and 2-factor interactions for the response variable score. A * indicates main e�ects

which are not statistically signi�cant to the experiment results. Main e�ects which

are not statistically signi�cant have been included in the table because one of their

interactions is signi�cant. The largest positive main e�ect is the PAC_VIS_LEN.

The largest negative main e�ect is GH_VIS_LEN. The FLEE_TIME is another of

the largest main e�ects. In addition, we observe that the FRUIT_TIME is a large

positive main e�ect indicating that Pac-Man is making the fruit a priority in the

game. Similar to the other cases, the �ocking separation and hunger along with the

ghosts' vision played an statistically signi�cant role.

Main E�ect E�ect Size 2-Factor Interaction E�ect Size

PW_FRUIT_FOR (A) 6.53 A*F 2.18
FLOCK_SEP (B) 4.51 B*C -5.76
FLOCK_ALI (C) 7.17 B*D -5.76
FLOCK_COH (D) 7.17 B*E 20.61

FLOCK_HUNGER (E) -9.35 B*G -7.34
FRUIT_TIME (F) 18.63 B*I 5.52
FLEE_TIME (G) 76.13 B*J 22.88
DEATH_TIME (H) 5.28 C*D -4.58
PAC_VIS_LEN (I) 84.54 C*I -2.51
GH_VIS_LEN (J) -74.46 C*J -9.71

D*I -2.51
D*J -9.71
E*G -2.26
E*H -3.25
E*I 1.94
F*G 2.50
F*I 2.53
G*H 7.72
G*I -5.63
I*J -7.72

Table 5.13: Statistically signi�cant main e�ects and 2-factor interactions from the
PW_FLOCK algorithm for the response variable score. * indicates terms whose
main e�ect are not statistically signi�cant but contribute to a signi�cant 2-factor
interaction.
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5.3.2.3.8 PW_FLOCK Steps Terms

Table 5.14 illustrates the PW_FLOCK model statistically signi�cant main e�ects

and 2-factor interactions for the response variable steps. A * indicates main e�ects

which are not statistically signi�cant to the experiment results. Main e�ects which

are not statistically signi�cant have been included in the table because one of their

interactions is signi�cant. The largest positive main e�ect is the PAC_VIS_LEN.

The largest negative main e�ect is GH_VIS_LEN. Similar to the other cases, the

�ocking separation and hunger along with the ghosts' vision played an statistically

signi�cant role. Also, we observe a fairly large interactions from the FLEE_TIME

factor.

5.3.2.3.9 PW_FLOCK Tokens Collected Terms

Table 5.15 illustrates the PW_FLOCK model statistically signi�cant main e�ects

and 2-factor interactions for the response variable tokens. A * indicates main e�ects

which are not statistically signi�cant to the experiment results. Main e�ects which

are not statistically signi�cant have been included in the table because one of their

interactions is signi�cant. The largest positive main e�ect is the PAC_VIS_LEN.

The largest negative main e�ect is GH_VIS_LEN. Similar to the other cases, the

�ocking separation and hunger along with the ghosts' vision played an statistically

signi�cant role.

5.3.2.3.10 PW_FLOCK Summary

The PW_FLOCK algorithm demonstrates a consistent set of factors with large

e�ects, similar to other algorithm results the vision parameters are the reoccurring

statistically signi�cant factors. The length of the �ee state time factor along with

the Pac-Man's vision range continued to produce positive e�ects. The sole exception

for the �ee time factor is in the close calls response variable, in which �ee time

plays an important role in decreasing the number of close calls. As expected the

length of time the fruit was available and the player's perceived value of the fruit

created the largest e�ect sizes for the response variable the number of fruit collected.
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Main E�ect E�ect Size 2-Factor Interaction E�ect Size

PW_FRUIT_FOR (A) -0.52 A*I -0.49
FLOCK_SEP (B) -0.73 B*C -1.56
FLOCK_ALI (C) 2.33 B*D -1.56
FLOCK_COH (D) 2.33 B*E 5.88

FLOCK_HUNGER (E) -1.98 B*F 0.49
FRUIT_TIME (F) * B*G -2.32
FLEE_TIME (G) 14.35 B*I 1.22
DEATH_TIME (H) 1.81 B*J 5.57
PAC_VIS_LEN (I) 17.14 C*D -0.61
GH_VIS_LEN (J) -21.50 C*E -0.49

C*I -1.28
C*J -1.95
D*E -0.49
D*I -1.28
D*J -1.95
E*H -0.58
E*I 0.60
E*J -0.54
F*J 0.49
G*H 2.33
G*I -2.60
G*J 1.82
H*I -1.17
I*J -1.05

Table 5.14: Statistically signi�cant main e�ects and 2-factor interactions from the
PW_FLOCK algorithm for the response variable steps. * indicates terms whose
main e�ect are not statistically signi�cant but contribute to a signi�cant 2-factor
interaction.

The most reoccurring signi�cant negative term was the ghost's vision range. The

�ocking algorithm factors were in most cases statistically signi�cant main e�ects.

The �ocking hunger and separation were frequently the largest 2-factor interactions.

Also, we observed the factors of the �ocking algorithm interacting with the ghosts'

vision range, showing improved performance with greater range.

5.3.2.4 PW_GW Terms

The �nal algorithm pair we evaluated was the PW_GW which contained the highest

number of game parameters, as such the organization process required the largest
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Main E�ect E�ect Size 2-Factor Interaction E�ect Size

PW_FRUIT_FOR (A) -0.15 B*C -0.50
FLOCK_SEP (B) * B*D -0.50
FLOCK_ALI (C) 0.73 B*E 1.87
FLOCK_COH (D) 0.73 B*F 0.22

FLOCK_HUNGER (E) -0.83 B*G -0.90
FRUIT_TIME (F) * B*I 0.31
FLEE_TIME (G) 4.90 B*J 1.73
DEATH_TIME (H) 0.55 C*D -0.19
PAC_VIS_LEN (I) 7.91 C*I -0.23
GH_VIS_LEN (J) -6.76 C*J -0.78

D*I -0.23
D*J -0.78
E*H -0.29
E*I 0.25
E*J -0.19
F*J 0.20
G*H 0.75
G*I -0.65
G*J 0.41
H*I -0.19
I*J -0.67

Table 5.15: Statistically signi�cant main e�ects and 2-factor interactions from the
PW_FLOCK algorithm for the response variable tokens collected. * indicates terms
whose main e�ect are not statistically signi�cant but contribute to a signi�cant 2-
factor interaction.

number of separation factors. This algorithm pair used ten factor separators resulting

in 210 or 1024 game combinations. The tables identifying term signi�cance for the

PW_GW algorithm appear in Appendix A. Unlike the earlier sections which utilized

factorial plots graphics to further elaborate the experiment results, the results from

this section and the following section contain too many experiment runs to calculate

the factorial plots graphics. Instead, this section will simply present tables of the main

e�ects and the 2-factor interactions. The terms statistical signi�cance was calculated

based on 95% con�dence or α = 0.05. Section A.4 contains further information

pertaining to the con�dence intervals for the PW_GW algorithm.
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5.3.2.4.1 PW_GW Close Call Terms

Table 5.16 illustrates the statistically signi�cant main e�ects and 2-factor interac-

tions of PW_GW model for the response variable close calls. A * indicates main

e�ects which are not statistically signi�cant to the experiment results. Main e�ects

which are not statistically signi�cant have been included in the table because one of

their interactions is signi�cant. The largest positive main e�ect is the GH_VIS_LEN.

The largest negative main e�ect is FLEE_TIME. The largest interactions occur from

the interaction of the factors GW_AWAY_GH, FLEE_TIME, and GH_VIS_LEN.

Main E�ect E�ect Size 2-Factor Interaction E�ect Size

GW_TOK (A) -0.45 A*G 0.35
GW_PP (B) 0.67 A*J 0.58
GW_FT (C) 0.18 B*D -0.34
GW_PAC (D) 2.68 B*G -0.33

GW_PAC_DIR (E) 6.15 B*I 0.28
GW_AWAY_GH (F) -11.29 B*J 0.38
GW_TO_GH (G) -5.74 D*E -0.44
FLEE_TIME (H) -16.73 D*F 1.39
DEATH_TIME (I) 0.71 D*G 1.46
GH_VIS_LEN (J) 12.80 D*H -1.36

D*J 2.07
E*F -0.62
E*H -0.89
E*I 0.38
E*J -0.69
F*G 0.86
F*H 3.63
F*J -2.46
G*H 1.52
G*I -0.34
G*J 1.57
H*J -4.53
I*J 0.49

Table 5.16: Statistically signi�cant main e�ects and 2-factor interactions from the
PW_GW algorithm for the response variable Close Calls. * indicates terms whose
main e�ect are not statistically signi�cant but contribute to a signi�cant 2-factor
interaction.
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5.3.2.4.2 PW_GW Fruits Collected Terms

Table 5.17 illustrates the statistically signi�cant main e�ects and 2-factor interac-

tions of PW_GW model for the response variable fruits collected. A * indicates main

e�ects which are not statistically signi�cant to the experiment results. Main e�ects

which are not statistically signi�cant have been included in the table because one of

their interactions is signi�cant. The largest negative main e�ect is FLEE_TIME.

Main E�ect E�ect Size 2-Factor Interaction E�ect Size

GW_TOK (A) 0.01 A*J -0.01
GW_PP (B) 0.01 B*C 0.01
GW_FT (C) -0.01 B*E 0.01
GW_PAC (D) 0.01 B*J -0.01

GW_PAC_DIR (E) -0.01 C*G -0.01
GW_AWAY_GH (F) -0.01 C*J 0.01
GW_TO_GH (G) -0.01 D*F 0.01
FLEE_TIME (H) 0.01 D*G 0.01
DEATH_TIME (I) 0.01 D*J 0.01
GH_VIS_LEN (J) -0.15 E*H 0.01

E*J -0.01
F*G -0.01
F*H 0.01
F*I -0.01
F*J 0.01
G*H 0.01
G*I -0.01
G*J 0.01
H*I 0.01
H*J -0.01
I*J -0.01

Table 5.17: Statistically signi�cant main e�ects and 2-factor interactions from the
PW_GW algorithm for the response variable fruit eaten. * indicates terms whose
main e�ect are not statistically signi�cant but contribute to a signi�cant 2-factor
interaction.

5.3.2.4.3 PW_GW Ghosts Eaten Terms

Table 5.18 illustrates the statistically signi�cant main e�ects and 2-factor interac-

tions of PW_GW model for the response variable ghosts eaten. A * indicates main

e�ects which are not statistically signi�cant to the experiment results. Main e�ects
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which are not statistically signi�cant have been included in the table because one of

their interactions is signi�cant. The largest positive main e�ect is the FLEE_TIME.

The largest negative main e�ect is GW_PAC_DIR. The GW_PAC_DIR factor pri-

oritizes moving towards an estimate of Pac-Man's next position. The negative of

impact of the GW_PAC_DIR indicates that the ghosts are eating Pac-Man before

he can eat them. The largest interactions occur from the interaction of the factors

FLEE_TIME and GH_VIS_LEN and GW_PAC and GH_VIS_LEN.

Main E�ect E�ect Size 2-Factor Interaction E�ect Size

GW_TOK (A) * A*B 0.01
GW_PP (B) -0.01 A*G 0.01
GW_FT (C) * A*H -0.01
GW_PAC (D) -0.02 B*E -0.01

GW_PAC_DIR (E) -0.15 B*F -0.01
GW_AWAY_GH (F) -0.11 B*H 0.01
GW_TO_GH (G) -0.04 C*J -0.01
FLEE_TIME (H) 0.40 D*E 0.03
DEATH_TIME (I) -0.01 D*F -0.01
GH_VIS_LEN (J) 0.07 D*G 0.01

D*H -0.01
D*I -0.01
D*J 0.03
E*F 0.01
E*G 0.01
E*H -0.03
E*I 0.01
E*J 0.02
F*G 0.01
F*H -0.01
F*I -0.01
F*J -0.03
G*I -0.01
H*J -0.04

Table 5.18: Statistically signi�cant main e�ects and 2-factor interactions from the
PW_GW algorithm for the response variable ghosts eaten. * indicates terms whose
main e�ect are not statistically signi�cant but contribute to a signi�cant 2-factor
interaction.
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5.3.2.4.4 PW_GW Levels Completed Terms

Table 5.19 illustrates the statistically signi�cant main e�ects and 2-factor inter-

actions of PW_GW model for the response variable levels completed. A * indi-

cates main e�ects which are not statistically signi�cant to the experiment results.

Main e�ects which are not statistically signi�cant have been included in the table

because one of their interactions is signi�cant. The largest positive main e�ect

is the FLEE_TIME. The largest negative main e�ects are GW_AWAY_GH and

GH_VIS_LEN. Similar to other cases, the largest interactions occur as a result of

FLEE_TIME and GH_VIS_LEN.

Main E�ect E�ect Size 2-Factor Interaction E�ect Size

GW_TOK (A) -0.002 A*J 0.002
GW_PP (B) 0.001 B*F 0.000
GW_FT (C) * B*H 0.000
GW_PAC (D) 0.000 B*J 0.000

GW_PAC_DIR (E) 0.003 D*F 0.001
GW_AWAY_GH (F) -0.013 D*G 0.002
GW_TO_GH (G) -0.006 D*H 0.000
FLEE_TIME (H) 0.003 D*J 0.001
DEATH_TIME (I) 0.002 E*F 0.000
GH_VIS_LEN (J) -0.013 E*I 0.000

E*J 0.000
F*G 0.000
F*H 0.002
F*I 0.000
F*J -0.001
G*I 0.000
G*J 0.001
H*I 0.000
H*J -0.003

Table 5.19: Statistically signi�cant main e�ects and 2-factor interactions from the
PW_GW algorithm for the response variable levels completed. * indicates terms
whose main e�ect are not statistically signi�cant but contribute to a signi�cant 2-
factor interaction.

5.3.2.4.5 PW_GW Power-Pellets Collected Terms

Table 5.20 illustrates the statistically signi�cant main e�ects and 2-factor inter-

actions of PW_GW model for the response variable power-pellets collected. A *
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indicates main e�ects which are not statistically signi�cant to the experiment results.

Main e�ects which are not statistically signi�cant have been included in the table

because one of their interactions is signi�cant. The largest positive main e�ect is the

FLEE_TIME. The largest negative main e�ect is GH_VIS_LEN. Similar to other

cases, the largest interactions occur as a result of FLEE_TIME and GH_VIS_LEN.

Main E�ect E�ect Size 2-Factor Interaction E�ect Size

GW_TOK (A) -0.01 A*B 0.01
GW_PP (B) 0.01 A*H -0.01
GW_FT (C) * A*J 0.01
GW_PAC (D) 0.01 B*E -0.01

GW_PAC_DIR (E) 0.01 B*F -0.01
GW_AWAY_GH (F) -0.05 B*H 0.01
GW_TO_GH (G) -0.02 B*J -0.01
FLEE_TIME (H) 0.02 D*F 0.01
DEATH_TIME (I) 0.01 D*G 0.01
GH_VIS_LEN (J) -0.15 D*H -0.01

D*I -0.01
D*J 0.01
E*F -0.01
E*I 0.01
E*J -0.01
F*H 0.01
F*I -0.01
G*I -0.01
G*J 0.01
H*I 0.01
H*J -0.05
I*J 0.01

Table 5.20: Statistically signi�cant main e�ects and 2-factor interactions from the
PW_GW algorithm for the response variable power-pellets collected. * indicates
terms whose main e�ect are not statistically signi�cant but contribute to a signi�cant
2-factor interaction.

5.3.2.4.6 PW_GW Repeated Squares Terms

Table 5.21 illustrates the statistically signi�cant main e�ects and 2-factor inter-

actions of PW_GW model for the response variable repeated squares. A * indi-

cates main e�ects which are not statistically signi�cant to the experiment results.
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Main e�ects which are not statistically signi�cant have been included in the table

because one of their interactions is signi�cant. The largest positive main e�ect is the

FLEE_TIME. The largest negative main e�ect is GH_VIS_LEN. Similar to other

cases, the largest interactions occur as a result of FLEE_TIME and GH_VIS_LEN.

Main E�ect E�ect Size 2-Factor Interaction E�ect Size

GW_TOK (A) 1.62 A*B 0.36
GW_PP (B) 3.82 A*G 0.34
GW_FT (C) -0.25 A*H 0.31
GW_PAC (D) 0.78 A*I 0.22

GW_PAC_DIR (E) 0.65 A*J -1.36
GW_AWAY_GH (F) -5.89 B*F 0.52
GW_TO_GH (G) -3.14 B*H 0.56
FLEE_TIME (H) 8.67 B*I -0.23
DEATH_TIME (I) 4.16 B*J -3.20
GH_VIS_LEN (J) -56.45 C*G -0.27

C*J 0.26
D*E -0.25
D*F 1.12
D*G 0.63
D*H -0.31
D*J 1.03
E*F -0.31
E*H 0.51
E*J -0.27
F*H 1.09
F*I -0.54
F*J 1.98
G*H 0.42
G*I -0.30
G*J 2.72
H*I 1.00
H*J -5.78
I*J -1.54

Table 5.21: Statistically signi�cant main e�ects and 2-factor interactions from the
PW_GW algorithm for the response variable repeated squares. * indicates terms
whose main e�ect are not statistically signi�cant but contribute to a signi�cant 2-
factor interaction.
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5.3.2.4.7 PW_GW Score Terms

Table 5.22 illustrates the statistically signi�cant main e�ects and 2-factor inter-

actions of PW_GW model for the response variable repeated squares. A * indi-

cates main e�ects which are not statistically signi�cant to the experiment results.

Main e�ects which are not statistically signi�cant have been included in the table

because one of their interactions is signi�cant. The largest positive main e�ect is

the FLEE_TIME. The largest negative main e�ect is GH_VIS_LEN. Also, the

GW_AWAY_GH main e�ect has a large negative e�ect. Similar to other cases,

the largest interactions occur as a result of FLEE_TIME and GH_VIS_LEN.
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Main E�ect E�ect Size 2-Factor Interaction E�ect Size

GW_TOK (A) * A*B 1.03
GW_PP (B) 6.40 A*H -0.99
GW_FT (C) * B*F -2.04
GW_PAC (D) 1.52 B*H 1.89

GW_PAC_DIR (E) -11.40 B*J -5.33
GW_AWAY_GH (F) -34.39 D*E 2.72
GW_TO_GH (G) -14.89 D*F 3.28
FLEE_TIME (H) 59.26 D*G 3.86
DEATH_TIME (I) 7.90 D*H -2.85
GH_VIS_LEN (J) -90.44 D*I -1.42

D*J 7.96
E*F -1.01
E*H -2.99
E*I 1.49
F*G 2.78
F*H 2.88
F*I -1.94
F*J -1.58
G*H 1.36
G*I -1.63
G*J 5.95
H*I 2.25
H*J -18.88

Table 5.22: Statistically signi�cant main e�ects and 2-factor interactions from the
PW_GW algorithm for the response variable score. * indicates terms whose main
e�ect are not statistically signi�cant but contribute to a signi�cant 2-factor interac-
tion.

5.3.2.4.8 PW_GW Steps Terms

Table 5.22 illustrates the statistically signi�cant main e�ects and 2-factor interac-

tions of PW_GW model for the response variable steps. A * indicates main e�ects

which are not statistically signi�cant to the experiment results. Main e�ects which are

not statistically signi�cant have been included in the table because one of their inter-

actions is signi�cant. The largest positive main e�ect is the FLEE_TIME. The largest

negative main e�ect is GH_VIS_LEN. Also, the GW_AWAY_GH main e�ect has

a large negative e�ect. We observe a large positive e�ects from DEATH_TIME.

Also, if the ghosts focus on protecting the power-pellets it has a positive e�ect on the
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number of steps. Similar to other cases, the largest interactions occur as a result of

FLEE_TIME and GH_VIS_LEN.

Main E�ect E�ect Size 2-Factor Interaction E�ect Size

GW_TOK (A) 1.40 A*B 0.43
GW_PP (B) 4.56 A*G 0.37
GW_FT (C) -0.21 A*J -1.09
GW_PAC (D) 1.45 B*F 0.45

GW_PAC_DIR (E) 0.95 B*G -0.25
GW_AWAY_GH (F) -7.75 B*H 0.67
GW_TO_GH (G) -3.86 B*J -3.75
FLEE_TIME (H) 10.93 C*G -0.30
DEATH_TIME (I) 5.10 D*E -0.30
GH_VIS_LEN (J) -65.43 D*F 1.52

D*G 0.80
D*H -0.52
D*I -0.33
D*J 1.73
E*F -0.35
E*H 0.58
E*J -0.53
F*H 1.40
F*I -0.70
F*J 2.17
G*H 0.56
G*I -0.39
G*J 3.35
H*I 1.24
H*J -7.22
I*J -1.33

Table 5.23: Statistically signi�cant main e�ects and 2-factor interactions from the
PW_GW algorithm for the response variable tokens collected. * indicates terms
whose main e�ect are not statistically signi�cant but contribute to a signi�cant 2-
factor interaction.

5.3.2.4.9 PW_GW Tokens Collected Terms

Table 5.24 illustrates the statistically signi�cant main e�ects and 2-factor interac-

tions of PW_GWmodel for the response variable tokens collected. A * indicates main

e�ects which are not statistically signi�cant to the experiment results. Main e�ects

which are not statistically signi�cant have been included in the table because one of
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their interactions is signi�cant. The largest positive main e�ect is the FLEE_TIME.

The largest negative main e�ect is GH_VIS_LEN. Similar to other cases, the largest

interactions occur as a result of FLEE_TIME and GH_VIS_LEN.

Main E�ect E�ect Size 2-Factor Interaction E�ect Size

GW_TOK (A) -0.21 A*H -0.09
GW_PP (B) 0.73 A*J 0.25
GW_FT (C) 0.04 B*E -0.08
GW_PAC (D) 0.65 B*H 0.10

GW_PAC_DIR (E) 0.28 B*J -0.54
GW_AWAY_GH (F) -1.80 D*F 0.38
GW_TO_GH (G) -0.69 D*G 0.17
FLEE_TIME (H) 2.23 D*H -0.20
DEATH_TIME (I) 0.92 D*I -0.13
GH_VIS_LEN (J) -8.82 D*J 0.68

E*J -0.25
F*H 0.30
F*I -0.15
F*J 0.18
G*H 0.14
G*I -0.09
G*J 0.62
H*I 0.23
H*J -1.38
I*J 0.20

Table 5.24: Statistically signi�cant main e�ects and 2-factor interactions from the
PW_GW algorithm for the response variable tokens collected. * indicates terms
whose main e�ect are not statistically signi�cant but contribute to a signi�cant 2-
factor interaction.

5.3.2.4.10 PW_GW Summary

The �ee state time is the prominent positive factor in all response variables. For

the majority of the response variables it is the leading positive factor. However, for

the number of close calls and the number of power-pellets collected, �ee time has a

negative a�ect. As previously explained, as Pac-Man's predatorial time increases it

causes longer periods where Pac-Man will not receive close calls, likewise as Pac-Man

spends longer time periods in a predator mode the number of power-pellets collected

can decrease because power-pellets can be saved for strategic play when Pac-Man has
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to venture into a danger board area.

The factor GW_PP which emphasizes that ghosts should protect power-pellets

when they are close by produces a positive e�ect in all response variables including the

number of power-pellets collected and ghosts eaten. These results indicate a couple of

possible scenarios: 1) where Pac-Man is drawn to locations with a power-pellet during

the predatorial phase due to the large number of �eeing ghosts surrounding the area or

2) that Pac-Man is capable of avoiding the protecting ghosts which requires collecting

the power-pellet. The �nal reoccurring positive factor is the state variable length of

death time which creates positive results in the number of close calls and the number

of levels completed.

As expected, the ghost's vision range factor plays a prominent negative roll in

all response variables except the number of close calls and ghosts eaten which is

attributed to the improved chasing ability of the ghosts. The GW algorithm con-

tains two prominent negative factors other than the ghost's vision when competition

against the PW algorithm, the two competing factors are the GW_AWAY_GH and

GW_TO_GH. These two factors emphasis moving away from other ghosts and mov-

ing towards other ghosts, interestingly this could be considered comparable to the

�ocking algorithm cohesion and separation. These two factors play prominent roles

in decreasing the number of close calls, number of levels completed and power-pellets

collected.

The factors GW_PAC and GW_PAC_DIR produce similar results for about half

of the response variables. Comparing the two factors, we observe increased similarity

in comparison to the SSS_GW factor results. Although, the main e�ects are close in

value for a number of the response variables, GW_PAC_DIR produces a much larger

e�ect for the following response variables: close calls, ghosts eaten, levels completed

and the score. These results indicate that if we focus on Pac-Man's current position,

the ghosts arrive too late to challenge Pac-Man but early enough to be counter-

attacked, while if the ghosts focus on Pac-Man's next possible position, they provide

an increased challenge to Pac-Man forcing previously traveled squares to be revisited.
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5.3.3 Game Signi�cance

The previous section presented the statistically signi�cant terms for all algorithms

and response variables. The statistical signi�cance provides information pertaining

to the reliability and con�dence in the term's value. Thus, the statistical signi�cance

of a term provides only a portion the necessary information. Our analysis must

provide estimates for the practical signi�cance of a term. For instance, consider an

example with two statistically signi�cant terms from the score response model. The

�rst term could have an e�ect size of 5, the second term having an e�ect size of 60.

Although both terms have proven to be statistically signi�cant, an e�ect size of 5 for

the score model is not a large increase over 3 lives, especially considering the analysis

performed 3 repetitions. Thus, the second would be considered practically signi�cant,

while the �rst term might not be practically signi�cant. Throughout this section we

will review the practical signi�cance of the terms for each algorithm set of response

variables. Our analysis will refer to the practical signi�cance as the game signi�cance

throughout this section.

Section 5.3.2 presented the statistically signi�cant terms for all of the algorithms

and their sets of response variables. These results had been amalgamated from the

separated game sessions to provide an overall view of the factors' results on the per-

formance of the algorithm. The analysis in this section does not use the amalgamated

data; instead this section uses the separated game sessions data set. The �rst reason

we will use the separated game sessions data is because the R-Sq values and lack-of-�t

tests were all calculated using this data set. The lack-of-�t tests for the game sessions

data showed no signi�cant lack-of-�t. Secondly, the separated game sessions provide

structured results similar to observing individual player sessions; thus portraying a

methodology for performing the analysis on a set of individual player sessions or on-

line game sessions. The adaptive game prototype was designed to experiment with

individual player sessions; this provides game signi�cant results in a format usable by

the adaptive prototype.

The game signi�cance of a term is more subjective than the statistical signi�cance
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for a number of reasons. One reason is that no comparable results from other research

exist or are likely to exist for a single video game. To have comparable results, research

would have to be conducted on standard implementations of a game, and no such

standard version of games exists. Another reason is that the player's performance

can be volatile; thus selecting boundaries for game signi�cance can be di�cult. The

means, standard deviation and other descriptive statistics used in this section can

be found in AppendixE. It is important to remember the response variable means

calculated in our analysis are the result of 3 lives.

In considering a term's game signi�cance, we can review, among other things,

descriptive statistics such as means and standard deviation and the term e�ect sizes.

The term's e�ect sizes provides important information about how altering a factor

alters the results of a response variable. However, game signi�cance should address

a number of issues in combination with altering response variables if considering

integration in an auto-dynamic di�culty game system. For instance, the number

of modi�cations required to transition between two terms could play a role in game

signi�cance. If two terms have relatively equal e�ect sizes, selecting the term which

minimizes the number of required modi�cations provides two advantages. First, it

lowers the chance of alerting the player to the dynamic di�culty system, which as

previously discussed may cause players to externalize results. Second, it reduces the

chance of making a catastrophic adjustment which alters the di�culty of the game

in such a drastic way that it overwhelms or bores the user. This is an example of

dynamic game signi�cance which would be calculated at run-time and ranks terms

with similar e�ect sizes. Our analysis will focus on the e�ect size and descriptive stats

to justify our selection of game signi�cance.

Other areas of academic research separate practical signi�cance into categories

based on an estimate of signi�cance. Generally, results will be categorized based on

titles such as: trivial, bene�cial and negative [24]. Terms with minimal di�erence

between their e�ect sizes may be used to dynamically adjust between di�erent player

types or add variety. Terms with smaller e�ect sizes may be used to adjust the game

on a very �ne granularity to the di�culty of the player. Thus, although we will use
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the terminology trivial, this applies only to the e�ect size on the response variable

and not the impact on the game. Our categorical dissection will exclude the negative

category, as results will be separated based on the absolute value of the e�ect size.

Our categorical separation will use the terminology trivial, for terms with minimal

e�ect sizes on the response variables. Bene�cial terms will contribute higher absolute

e�ect sizes than the trivial terms. Prominent terms will be the game signi�cant terms

with the largest absolute factor e�ects.

5.3.3.1 Game Signi�cance of Response Close Calls

Identifying the game signi�cance of the close calls is a di�cult task due to the rules

of the game. Pac-Man is a game in which the player is either alive or dead; there is

no health. This makes dynamic adjustments more di�cult, as one close call could

potentially kill Pac-Man. The descriptive e�ect results presented in Appendix F in-

dicates that the mean absolute value occurs between 2.34 and 3.49. The standard

deviation for the close calls factor e�ects ranges from 4.14 to 5.20. Using this infor-

mation and general knowledge about the game we can build intervals for each of the

categories of statistical signi�cance. The trivial category could be considered terms

whose absolute e�ect sizes range from 0 to 2.34. Intuitively, we can consider e�ect

sizes below 3 as trivial because on average they provide one additional close call per

life. Using the standard deviation we de�ne our bene�cial range as 2.35 - 6.75. Thus

prominent terms will be classi�ed as having values of 6.75 or larger.

SSS_FLOCK SSS_GW PW_FLOCK PW_GW

GH_VIS_LEN GH_VIS_LEN GH_VIS_LEN GH_VIS_LEN
FLOCK_SEP GW_AWAY_GH FLOCK_ALI GW_AWAY_GH
FLEE_TIME FLEE_TIME

Table 5.25: Prominent Factors for Close Calls Response Variable.

A summary of the prominent factors for each set of competing algorithms occurs

in Table 5.25. For the �ocking algorithm and SSS-AB* algorithm the prominent game

main e�ects become: the �ee time, the �ocks hunger and the ghosts vision range. For

the SSS-AB* algorithm and the ghost-weighted algorithm the prominent game main
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e�ects become: the ghost's vision range and prioritizing ghost's spreading out. The

Pac-Man weighted algorithm against the �ocking algorithm produced the prominent

game main e�ects �ocking alignment and ghost's vision range. Pac-Man Weighted

algorithm against the ghost weighted algorithm produced the following prominent

main e�ects: ghost separation, the range of ghosts' vision and the length of the state

�ee time.

5.3.3.2 Game Signi�cance of Response Fruit Collected

In Pac-Man collecting fruit is a bonus task which contributes extra points to Pac-

Man's score when collected. Identifying the game signi�cance of terms for the fruits

collected can be misleading because the game signi�cance is dependent on the decision

to participate in trying to retrieve the fruit. If Pac-Man chooses not to participate in

collecting fruit the terms have no game signi�cance. If the decision is made to attempt

to retrieve a bonus fruit and the task is not accomplished, the response variable will

not re�ect this decision.

The descriptive e�ect results presented in Appendix F indicates that the mean ab-

solute value occurs between 0.01 and 0.19. The standard deviation for fruits collected

factor e�ects ranges from 0.02 to 0.03. Using this information and general knowledge

about the game we can build intervals for each of the categories of statistical signif-

icance. The trivial category could be considered terms whose absolute e�ect sizes

range from 0 to 0.01. Using the standard deviation we de�ne our bene�cial range as

0.01 to 0.035. Thus prominent terms will be classi�ed as having values of 0.035 or

larger.

SSS_FLOCK SSS_GW PW_FLOCK PW_GW

FLOCK_SEP GH_VIS_LEN FLOCK_COH FLEE_TIME
PER_FRT DEATH_TIME DEATH_TIME

PAC_VIS_LEN GH_VIS_LEN GH_VIS_LEN
GH_VIS_LEN

Table 5.26: Prominent Factors for Fruit Collected Response Variable.

A summary of the prominent factors for each set of competing algorithms occurs
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in Table 5.26. For the �ocking algorithm and SSS-AB* algorithm the prominent game

main e�ects become: the �ock separation, perceived value of the fruit, Pac-Man and

the ghost's vision range. For the SSS-AB* algorithm and the ghost-weighted algo-

rithm the only prominent game main e�ect is the ghost's vision range. The Pac-Man

weighted algorithm against the �ocking algorithm produced the following prominent

main e�ects: �ocking cohesion, the length of the state death time and ghost's vision

range. Pac-Man weighted algorithm against the ghost weighted algorithm produced

the following prominent main e�ects: the range of ghost's vision, the length of the

state �ee time and the length of the state death time.

5.3.3.3 Game Signi�cance of Response Ghosts Eaten

The descriptive e�ect results presented in Appendix F indicates that the mean ab-

solute value occurs between 0.04 and 0.06. The standard deviation for number of

ghosts eaten factor e�ects ranges from 0.05 to 0.09. Using this information and gen-

eral knowledge about the game we can build intervals for each of the categories of

statistical signi�cance. The trivial category could be considered terms whose absolute

e�ect sizes range from 0 to 0.05. Using the standard deviation we de�ne our bene�cial

range as 0.05 to 0.12. Thus prominent terms will be classi�ed as having values of 0.12

or larger.

SSS_FLOCK SSS_GW PW_FLOCK PW_GW

FLEE_TIME GW_TO_GH FLOCK_HUNGER GW_PAC_DIR
GH_VIS_LEN GW_AWAY_GH FLEE_TIME

FLEE_TIME

Table 5.27: Prominent Factors for Ghosts Eaten Response Variable.

A summary of the prominent factors for each set of competing algorithms occurs

in Table 5.27. For the �ocking algorithm and SSS-AB* algorithm the prominent game

main e�ects become: the length of time of the �ee state and the ghost's vision range.

For the SSS-AB* algorithm and the ghost-weighted algorithm the prominent game

main e�ects are: the ghost's separation and cohesion e�ect and the length of �ee

time. The Pac-Man weighted algorithm against the �ocking algorithm produced one
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prominent main e�ect, the �ocking hunger. Pac-Man weighted algorithm against the

ghost weighted algorithm produced the following prominent main e�ects: the ghost's

moving towards an estimate of Pac-Man's next position and the length of the state

�ee time.

5.3.3.4 Game Signi�cance of Response Levels Completed

The game signi�cance of the number of levels completed is an one of the most impor-

tant response variables because it indicates the player's progression. However, as we

observed in Section 5.3.1.1 that calculated the variation and validated our models,

the models for this response variable had the lowest values explanation of variation.

The descriptive e�ect results presented in Appendix F indicates that the mean

absolute value occurs between 0.01 and 0.06. The standard deviation for levels com-

pleted factor e�ects ranges from 0.01 to 0.02. Using this information and general

knowledge about the game we can build intervals for each of the categories of sta-

tistical signi�cance. The trivial category could be considered terms whose absolute

e�ect sizes range from 0 to 0.02. Using the standard deviation we de�ne our bene�cial

range as 0.02 to 0.035. Thus prominent terms will be classi�ed as having values of

0.035 or larger.

SSS_FLOCK SSS_GW PW_FLOCK PW_GW

FLEE_TIME GW_AWAY_GH DEATH_TIME
GH_VIS_LEN FLEE_TIME GH_VIS_LEN
PAC_VIS_LEN

Table 5.28: Prominent Factors for Levels Completed Response Variable.

A summary of the prominent factors for each set of competing algorithms occurs

in Table 5.28. For the �ocking algorithm and SSS-AB* algorithm the prominent game

main e�ects become: the length of time of the �ee state, Pac-Man's vision range and

the ghost's vision range. For the SSS-AB* algorithm and the ghost-weighted algo-

rithm the prominent game main e�ects are: the ghost's separation and the length

of �ee time. The Pac-Man weighted algorithm against the �ocking algorithm pro-

duced the following prominent main e�ects: the length of the state death time and
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the ghost's vision range. Pac-Man weighted algorithm against the ghost weighted

algorithm produced the no prominent main e�ects.

5.3.3.5 Game Signi�cance of Response Power-Pellets

The descriptive e�ect results presented in Appendix F indicates that the mean ab-

solute value occurs between 0.02 and 0.05. The standard deviation for power-pellets

collected factor e�ects ranges from 0.04 to 0.08. Using this information and general

knowledge about the game we can build intervals for each of the categories of statisti-

cal signi�cance. The trivial category could be considered terms whose absolute e�ect

sizes range from 0 to 0.035. Using the standard deviation we de�ne our bene�cial

range as 0.035 to 0.10. Thus prominent terms will be classi�ed as having values of

0.1 or larger.

SSS_FLOCK SSS_GW PW_FLOCK PW_GW

FLEE_TIME GW_AWAY_GH DEATH_TIME GH_VIS_LEN
GH_VIS_LEN FLEE_TIME GH_VIS_LEN
PAC_VIS_LEN DEATH_TIME
DEATH_TIME GH_VIS_LEN

Table 5.29: Prominent Factors for Power-Pellets Collected Response Variable.

A summary of the prominent factors for each set of competing algorithms occurs

in Table 5.29. For the �ocking algorithm and SSS-AB* algorithm the prominent

game main e�ects become: the length of time of the �ee and death state, Pac-Man's

vision range and the ghost's vision range. For the SSS-AB* algorithm and the ghost-

weighted algorithm the prominent game main e�ects are: the ghost's separation, the

length of �ee and death time and the ghost's vision range. The Pac-Man weighted al-

gorithm against the �ocking algorithm produced the following prominent main e�ects:

the length of the state death time and the ghost's vision range. Pac-Man weighted

algorithm against the ghost weighted algorithm produced one prominent main e�ect,

ghost's vision range.

The game signi�cance of the power-pellets collected response variable was such a

prominent factor that it became one of the major contributors to the heuristics built
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in the adaptive prototype.

5.3.3.6 Game Signi�cance of Response Repeated Squares

The descriptive e�ect results presented in Appendix F indicates that the mean abso-

lute value occurs between 1.55 to 3.52. The standard deviation for repeated squares

factor e�ects ranges from 2.02 and 6.11. Using this information and general knowl-

edge about the game we can build intervals for each of the categories of statistical

signi�cance. The trivial category could be considered terms whose absolute e�ect

sizes range from 0 to 2.25. Using the standard deviation we de�ne our bene�cial

range as 2.5 to 4.0. Thus prominent terms will be classi�ed as having values of 4.0 or

larger.

SSS_FLOCK SSS_GW PW_FLOCK PW_GW

FLEE_TIME GW_AWAY_GH DEATH_TIME GH_VIS_LEN
GH_VIS_LEN FLEE_TIME GH_VIS_LEN
PAC_VIS_LEN DEATH_TIME
DEATH_TIME GH_VIS_LEN

Table 5.30: Prominent Factors for Repeated Squares Response Variable.

A summary of the prominent factors for each set of competing algorithms occurs

in Table 5.30. For the �ocking algorithm and SSS-AB* algorithm the prominent

game main e�ects become: the length of time of the �ee and death state, Pac-Man's

vision range and the ghost's vision range. For the SSS-AB* algorithm and the ghost-

weighted algorithm the prominent game main e�ects are: the ghost's separation, the

length of �ee and death time and the ghost's vision range. The Pac-Man weighted al-

gorithm against the �ocking algorithm produced the following prominent main e�ects:

the length of the state death time and the ghost's vision range. Pac-Man weighted

algorithm against the ghost weighted algorithm produced one prominent main e�ect,

ghost's vision range.
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5.3.3.7 Game Signi�cance for Response Score

The descriptive e�ect results presented in Appendix F indicates that the mean ab-

solute value occurs between 11.87 to 22.03. The standard deviation for score factor

e�ects ranges from 18.03 and 36.72. Using this information and general knowledge

about the game we can build intervals for each of the categories of statistical signif-

icance. The trivial category could be considered terms whose absolute e�ect sizes

range from 0 to 15. Using the standard deviation we de�ne our bene�cial range as 15

to 50. Thus prominent terms will be classi�ed as having values of 50 or larger.

SSS_FLOCK SSS_GW PW_FLOCK PW_GW

FLEE_TIME GW_AWAY_GH DEATH_TIME GH_VIS_LEN
GH_VIS_LEN FLEE_TIME GH_VIS_LEN FLEE_TIME
PAC_VIS_LEN FLOCK_HUNGER

Table 5.31: Prominent Factors for Score Response Variable.

A summary of the prominent factors for each set of competing algorithms occurs in

Table 5.31. For the �ocking algorithm and SSS-AB* algorithm the prominent game

main e�ects become: the length of time of the �ee state, Pac-Man's vision range

and the ghost's vision range. For the SSS-AB* algorithm and the ghost-weighted

algorithm the prominent game main e�ects are: the ghost's separation, the length

of �ee and the ghost's vision range. The Pac-Man weighted algorithm against the

�ocking algorithm produced the following prominent main e�ects: the length of the

state death time, the �ocking hunger and the ghost's vision range. Pac-Man weighted

algorithm against the ghost weighted algorithm produced the following prominent

main e�ects: the length of the �ee time and ghost's vision range.

5.3.3.8 Game Signi�cance of Response Steps

The descriptive e�ect results presented in Appendix F indicates that the mean abso-

lute value occurs between 1.42 to 4.04. The standard deviation for steps factor e�ects

ranges from 2.24 and 7.03. Using this information and general knowledge about the

game we can build intervals for each of the categories of statistical signi�cance. The

trivial category could be considered terms whose absolute e�ect sizes range from 0
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to 2.70. Using the standard deviation we de�ne our bene�cial range as 2.70 to 6.75.

Thus prominent terms will be classi�ed as having values of 6.75 or larger.

SSS_FLOCK SSS_GW PW_FLOCK PW_GW

FLEE_TIME GW_AWAY_GH DEATH_TIME GH_VIS_LEN
GH_VIS_LEN FLEE_TIME GH_VIS_LEN FLEE_TIME
PAC_VIS_LEN DEATH_TIME FLOCK_HUNGER GW_AWAY_GH

FLOCK_HUNGER GH_VIS_LEN

Table 5.32: Prominent Factors for Steps Response Variable.

A summary of the prominent factors for each set of competing algorithms occurs

in Table 5.32. For the �ocking algorithm and SSS-AB* algorithm the prominent

game main e�ects become: the length of time of the �ee state, the �ock's hunger,

Pac-Man's vision range and the ghost's vision range. For the SSS-AB* algorithm

and the ghost-weighted algorithm the prominent game main e�ects are: the ghost's

separation, the length of �ee and death times and the ghost's vision range. The

Pac-Man weighted algorithm against the �ocking algorithm produced the following

prominent main e�ects: the length of the state death time, the �ocking hunger and

the ghost's vision range. Pac-Man weighted algorithm against the ghost weighted

algorithm produced the following prominent main e�ects: the length of the �ee time,

the ghost's separation and ghost's vision range.

5.3.3.9 Game Signi�cance of Response Tokens

The descriptive e�ect results presented in F indicates that the mean absolute value

occurs between 0.94 to 2.00. The standard deviation for tokens collected factor e�ects

ranges from 1.45 and 4.00. Using this information and general knowledge about the

game we can build intervals for each of the categories of statistical signi�cance. The

trivial category could be considered terms whose absolute e�ect sizes range from 0

to 1.50. Using the standard deviation we de�ne our bene�cial range as 1.50 to 4.25.

Thus prominent terms will be classi�ed as having values of 4.25 or larger.

A summary of the prominent factors for each set of competing algorithms occurs

in 5.33. For the �ocking algorithm and SSS-AB* algorithm the prominent game main
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SSS_FLOCK SSS_GW PW_FLOCK PW_GW

FLEE_TIME GW_AWAY_GH DEATH_TIME GH_VIS_LEN
GH_VIS_LEN FLEE_TIME GH_VIS_LEN
PAC_VIS_LEN GH_VIS_LEN FLOCK_HUNGER

Table 5.33: Prominent Factors for Tokens Response Variable.

e�ects become: the length of time of the �ee state, Pac-Man's vision range and the

ghost's vision range. For the SSS-AB* algorithm and the ghost-weighted algorithm

the prominent game main e�ects are: the ghost's separation, the length of the �ee

state time and the ghost's vision range. The Pac-Man weighted algorithm against the

�ocking algorithm produced the following prominent main e�ects: the length of the

state death time, the �ocking hunger and the ghost's vision range. Pac-Man weighted

algorithm against the ghost weighted algorithm produced the following prominent

main e�ect: ghost's vision range.

5.3.4 Separated Terms Comparison

This subsection presents the results from the factorial analysis, in which we compare

the results of the separated factors from the term signi�cance analysis Section 5.2.4.

The analysis performed in this section will be simpli�ed, it does not calculate the

e�ects of each factor but compares results graphically. In this section we present

results using graphs that illustrate a percentage comparison for each response variable

to highlight the di�erence in performance between factors. We will compare the base

case which has all factors at their lowest levels against the high case of each separated

factor.

5.3.4.1 Comparison of SSS_FLOCK Separated Terms

An important result for the analysis of this algorithm pair is that almost all response

variables are statistically similar whether we using the high or low value of fruit

frequency. If we review the results in Table 5.34 the high level value of fruit creation

indicated by game settings 1, indicates that the average number of fruits collected

nearly triples to 0.97, which increases at a rate slightly above the di�erence in the
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rate of fruit creation.

Game Setting ID_0 ID_1 Ratio Di�erence

CC 146.14 142.22 0.97
FC 2.29 5.83 2.55
FE 0.35 0.97 2.77
GH 3.038 2.87 0.95

LVL_COMP 0.68 0.64 0.94
PP 5.92 5.80 0.98
RSQ 138.90 137.17 0.98
Sc 1911.80 1947.33 1.02
St 371.78 364.71 0.98
To 226.96 221.74 0.98

Table 5.34: Comparing response variable results between two game sessions for
SSS_FLOCK. Game Setting ID 0 is the low level of fruit frequency, while Game
Setting ID 1 is the high value.

As expected with increasing the rate of fruit creation increases the score, however

this increase is expected to be higher based on the values from the number of fruit

collected. Intuitively if a fruit is worth 150 points if collected, our expectation is for

the score di�erence to be higher than the roughly 36 point di�erence. Other response

variables such as eating fewer ghosts indicate a possible reason for this increase in the

number of close calls, which occur when the ghosts come close to killing Pac-Man.

The increase in close calls indicates that the creation of additional fruits is creating

additional opportunities or possible traps where the ghosts can improve their chances

of eating Pac-Man. Although the �ocking algorithm is unaware of the position of fruit,

fruit are positioned at squares Pac-Man has already visited. Thus the more intuitive

explanation for this result is Pac-Man revisiting dangerous areas, backtracking into

guarded areas or chasing ghosts. The results here indicate that the increased creation

of the fruit is lowering Pac-Man's task competition of other response variables.



193

Figure 5.37: Comparison of the response variables using SSS_FLOCK and modifying
the level of the Fruit Frequency. Game Setting ID 0 is the low level of fruit frequency,
while Game Setting ID 1 is the high value.

5.3.4.2 Comparison of SSS_GW Separated Terms

Next we review the separated factors that were excluded from the statistical and game

signi�cant sections of the SSS_GW analysis. Figure 5.38 demonstrates the average

results of each of these factors at their low level (GW_BASE), followed by the high

level results indicated by their ID number. As expected in GW_SSS_FRT_FREQ

as the frequency of fruit creation increases, so too does the number of fruit collected

as well as the score. Unlike the SSS_FLOCK algorithm, the di�erence in both the

number of fruit collected and the score is re�ective of the di�erence in the ratio

of fruit creation. Similarly, GW_SSS_FT produces an increase in the number of

fruit collected, however that correlates to increasing the amount of time the fruit is

available. An interesting result from comparing these factors is a noticeable increase

in the completion of levels occurring in certain game settings. This pattern occurs

when an increase in FRUIT_TIME or FRUIT_FREQ occurred, leading to a couple

of possible explanations. One explanation is that ghosts are moving to protect fruit

while leaving key areas of the board unguarded, another explanation is that as Pac-
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Man attempts to collect the fruit it draws the ghost's attention away from un�nished

areas of the board that they were protecting thus helping Pac-Man complete level

tasks.

Figure 5.38: Game Sessions results for SSS_GW games. The ID for each game
session represent the following factors at their high level SSS_PERCEIVED_FRUIT
(GW_SSS_PER_FRUIT), FRUIT_TIME (GW_SSS_FT), FRUIT_FREQ
(GW_SSS_FRT_FREQ), PAC_VIS_LEN (GW_SSS_PAC_VIS_LEN) and the
base case (GW_BASE) all factors set to their lowest level value.

5.3.4.3 Comparison of PW_FLOCK Separated Terms

To compare the game session for the separated factors in the PW_FLOCK algorithm,

we review seven sessions excluded from the previous analysis sections. The �rst six

relate to parameters of the PW algorithm followed by a �nal case which highlights the

results of the fruit frequency. The �rst factor we will investigate is PW_TOK_FOR

as (ID_1), while the base case or factors at their low level is illustrated by (ID_0).

Figure 5.39 illustrates a direct comparison between these cases. It appears that

prioritizing tokens ahead of other rules produces a negative e�ect on the game results.

An explanation for this result is the board is full of tokens and prioritizing tokens in

close proximity may lead to prioritizing dangerous tokens over ones available in safer



195

zones. As results of the �ocking algorithm have demonstrated, it is less competitive

than the GW algorithm but if Pac-Man remains in the same area collecting all of the

tokens, the �ocking algorithm will have a greater chance of surrounding and capturing

Pac-Man.

Figure 5.39: Review of the PW_FLOCK game session with low (ID_0) and high
values (ID_1) of PW_TOK factor.

The next factor we will investigate is the PW_PP_FOR (ID_2) or priority for

moving toward and collecting visible power-pellets. As expected, focusing on power-

pellets results in Pac-Man eating more power-pellets, however an unexpected result

occurs during the usage of Pac-Man's predator time. As results in Figure 5.40 il-

lustrate, this factor causes increases in the number of close calls and fruit collected,

while a minimal di�erence in the number of ghosts eaten is observed. Two possible

causes for the increase in the number of close calls could be (1) while Pac-Man is

chasing edible ghosts their �ee state ends or (2) Pac-Man focusing on power-pellets

which the ghosts are protecting. As Pac-Man was unable to eat additional ghosts

with the increased predatorial time, it strengthens the possibility of being unable to

catch the ghosts or that the predator time was used in a di�erent way. The results

demonstrate a large spike in the number of fruits collected indicating that perhaps
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Pac-Man used the predator time to accomplish bonus tasks rather than level com-

pleting tasks. This possibility is reinforced by the fact that both tokens and level

completion values where also reduced.

Figure 5.40: Review of the PW_FLOCK game session with low (ID_0) and high
values (ID_2) of PW_PP factor.

The PW factor PW_EDIBLE_GH (ID_4) prioritizes eating ghosts during Pac-

Man's predator time. The results indicate that focusing too heavily on eating edible

ghosts diminished all other response variables except the number of ghosts eaten and

the number of close calls. The increased number of close calls is indicative of the

change from prey to predator for the ghosts while Pac-Man is chasing them.
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Figure 5.41: Review of the PW_FLOCK game session with low (ID_0) and high
values (ID_4) of PW_EDGH factor.

The PW factor PW_BADGH(ID_8) emphasizes avoiding ghosts, preferring to

avoid them as much as possible. This factor produces a vast improvement over the

performance of the base level in every response variable. Considering the increase

in the number of steps and power-pellets collected, the results indicate a quite small

increase in the number of ghosts eaten. This result and the large increase in repeated

squares indicates that Pac-Man is avoiding ghosts during his predator and prey time.

This factor is further discussed in the section comparing the player algorithms against

the �ocking algorithm.
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Figure 5.42: Review of the PW_FLOCK game session with low (ID_0) and high
values (ID_8) of PW_EDGH

The PW factor PW_BADGH_CTR(ID_16) emphasizes Pac-Man avoiding the

center of the ghost's positions in prey mode and moving towards this position in

predator mode as a heuristic to avoid being surrounded by the ghosts. We observe

that this heuristic increases the average life span of Pac-Man and the number of fruits

obtained, however the extra life span is ine�ective in acquiring additional points and

increases the number of repeated squares. A possible explanation is that Pac-Man is

failing to move toward high risk and high reward areas. The risk involved in moving

toward the centroid of the ghosts is dynamic and the true risk may �uctuate based

on the separation of the ghosts from this position. Thus Pac-Man could be missing

opportunities of high reward and minimal risk that are incorrectly deemed high risk.
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Figure 5.43: Review of the PW_FLOCK game session with low (ID_0) and high
values (ID_16) of PW_BADGHOST_CENTER

The factor PW_ITEM_CTR (ID_32) prioritizes moving toward the center of the

visible items on the board. The results indicate a negative e�ect on the majority of re-

sponse variables. Notably, the number of the close calls increases indicating additional

risk in these positions which is likely closer to the center of the board. As previous

mentioned in the analysis of the previous factor PW_BADGHOST_CENTER, mov-

ing toward or away from a centroid can be misleading as the position of items can

be at opposite ends of the board, but the centroid would be in the middle. Empha-

sizing this factor in isolation leads to prioritizing items in the center of the board

which tends to be a more dangerous areas of the board, while potentially ignoring

unprotected areas along the border of the board.
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Figure 5.44: Review of the PW_FLOCK game session with low (ID_0) and high
values (ID_32) of PW_ITEM_CTR

The factor FRUIT_FREQ (ID_64) produces results that are similar to the other

previously discussed algorithms. Although the basic pattern for this factor remains

the same, the separation of score, steps and repeated squares are more pronounced

for this case. Altering the frequency of the fruit for the algorithm PW_FLOCK

produced similar results especially in comparison to SSS_FLOCK algorithm.
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Figure 5.45: Review of the PW_FLOCK game session with low (ID_0) and high
values (ID_64) of Fruit Frequency

5.3.4.4 Comparison of PW_GW Separated Terms

The �nal algorithm pair for which we will review sessions is the PW_GW. It is the

largest case and as such contains the largest number of separated factors. The factors

where divided into groups, the �rst relating to the PW algorithm which produced

game sessions, the second group contains information for Pac-Man's vision and factors

relating to the fruit.

The factor PW_FRUIT_FOR (ID_1) emphasizes that Pac-Man focuses on ob-

taining the bonus fruits, the results of which are displayed in Figure 5.46. As expected,

we observe an increase in the number of fruits collected despite the decrease in length

of life. Although arriving at similar scores, the results indicate that the increased fruit

consumption occurred at the expense of the number of levels completed. This result

indicates that Pac-Man was successful in consuming the bonus fruit often enough to

cover the cost of going for a fruit, but was unable to achieve higher scores indicating

that shortly after eating a bonus fruit Pac-Man lost a life.
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Figure 5.46: Review of the PW_GW game session with low (ID_0) and high values

(ID_1) of PW_FRUIT

The factor PW_TOK_FOR(ID_2) prioritizes the collection of tokens above other

game elements. Figure 5.47 indicates similar results to those of PW_TOK_FOR in

the PW_FLOCK algorithm. Overall, we view a decline in all response variables,

the minimal di�erence occurring between the number of tokens and power-pellets

collected.
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Figure 5.47: Review of the PW_GW game session with low (ID_0) and high values

(ID_2) of PW_TOK

The factor PW_PP_FOR(ID_4) prioritizes the collection of power-pellets above

other objectives in the game. The results displayed in Figure 5.48 illustrate a di�erent

scenario from the same factor in the PW_FLOCK algorithm. Our observation for

the increased consumption of power-pellets is that it contributes to an increase in

the number of levels completed, a reduced number of repeated squares and a slight

increase in the score. This indicates that unlike the results of the �ocking algorithm,

the increase in the number of power-pellets collected is being utilized to perform level

completion tasks as opposed to being utilized for bonus tasks which occurred in the

�ocking algorithm results. The results demonstrate a decrease in the number of fruits

collected, but an increase in the total number of tokens collected. Similar to the

�ocking algorithm results, we observe an increase in the number of close calls despite

similar levels of steps.
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Figure 5.48: Review of the PW_GW game session with low (ID_0) and high values

(ID_4) of PW_PP

The factor PW_EDIBLE_GH(ID_8) prioritizes collecting edible ghosts above

the other rules in the game. The results against the base case are illustrated in Figure

5.49. As expected, the �gure indicates an increase in the number of ghosts eaten. The

�gure illustrates a decrease in nearly all response variables in this comparison. The

only other positive case is that the score response is slightly above the base case. This

indicates that chasing edible ghosts has resulted in enough ghosts being consumed

to account for the lower scores in the other response variables. Yet focusing on

consuming and collecting edible ghosts does not appear to provide enough time to

bene�t other response variables.
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Figure 5.49: Review of the PW_GW game session with low (ID_0) and high values
(ID_8) of PW_EDIBLE GHOST

Factor PW_BADGHOST(ID_16) prioritizes avoiding predator ghosts above all

other rules. In the PW_FLOCK algorithm, the PW_BADGH factor was the most

signi�cant factor. The PW_GW scenario demonstrates a great improvement in nearly

all response scores. A decrease in the number of fruits collected was observed, well

below the base when we consider the rate of fruit creation.
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Figure 5.50: Review of the PW_GW game session with low (ID_0) and high values
(ID_16) of PW_BADGHOST

Factor PW_BADGHOST_CENTER(ID_32) prioritizes avoiding the center of

the ghosts position. Figure 5.51 illustrates a reduced performance in all response

variables except the number of fruits collected. Although most responses have de-

creased in value, the change has been minimal. The diminished value in the number

of levels completed may be the result of avoiding important but protected areas. This

�gure demonstrates a every di�erent picture from the PW_BADGH_CTR against

the �ocking algorithm. The �ocking algorithm showed reduced performance but this

reduction was caused by an increase in close calls and the resulting repeated squares.

A possible explanation for the di�erence is the higher level of challenge from the GW

algorithm, which halted Pac-Man's progress before similar results could occur.
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Figure 5.51: Review of the PW_GW game session with low (ID_0) and high values
(ID_32) of PW_BADGHOST_CENTER

Factor PW_ITEM_CTR(ID_64) prioritizes moving toward the centroid of the

item's position. This factor results in reduced response variables values, although

we can observe that the number of close calls and tokens collected are in similar

ratio to the number of steps. Comparing the results of the PW_ITEM_CTR fac-

tor against the �ocking algorithm, we saw results similar to the diminished abil-

ity to collect power-pellets and edible ghosts. A potential reason is that power-

pellets tend to occur at the outskirts of the levels and would not be in a prioritized

area until a portion of the level has been cleared. Similar to the comparison of

the PW_BADGHOST_CENTER, we see the PW_ITEM_CTR has reduced re-

sponse variables values for both the �ocking and the weighted algorithm, but that

the weighted algorithm seems more competitive and did not allow Pac-Man enough

time to increase the number of close calls or repeated steps.
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Figure 5.52: Review of the PW_GW game session with low (ID_0) and high values
(ID_64) of PW_ITEM_CTR

Factor FRUIT_TIME (ID_128) increases the amount of time that the fruit was

available for consumption by Pac-Man. The results demonstrate minimal di�erences

in all response variables. The largest increase was the number of fruits collected which

could be expected given the factor change. The results indicate that going for the

fruits is increasing the life span of Pac-Man while potentially increasing the number

of repeated squares.
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Figure 5.53: Review of the PW_GW game session with low (ID_0) and high values
(ID_128) of PW_FRUIT_TIME

Factor FRUIT_FREQ (ID_256) in�uences the rate of fruit creation. As expected,

we see an increase in fruits created and fruits collected. However, we begin to observe

a larger dispersion between the number of levels completed and steps. Similar to

the results of other algorithm pairs when the frequency of fruit creation has been

increased, we observe little to no increase in the number of ghosts, power-pellets or

tokens acquired and a score variable value that is only slightly above that of the

lower fruit frequency. In this case, the additional fruits are decreasing the chances

of Pac-Man completing the level. This is unlike other algorithm comparisons which

caused an the increase in number of levels completed as it was thought the additional

fruits allowed Pac-Man to lure ghosts away from uncompleted areas of the level.
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Figure 5.54: Review of the PW_GW game session with low (ID_0) and high values
(ID_256) of PW_FRUIT_FREQ

Factor PAC_VIS_LEN (ID_512) increases Pac-Man's range of vision and is gen-

erally included as one of the factors in the term analysis. This factor's e�ect on each

response variable varies greatly. The pattern in Figure 5.55 demonstrates a preference

towards tokens, power-pellets and thus the completion of levels. This focus minimizes

the number of fruits collected and ghosts eaten which are worth higher point values

and thus may account for the nearly equal level in terms of the score response. Figure

5.55 illustrates a disproportional reduction in the number of repeated squares to the

decrease in the number of steps. This along with the increase in close calls indicates

that Pac-Man is utilizing his steps more e�ciently, even if this results in Pac-Man

being placed in scenarios with higher levels of danger.
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Figure 5.55: Review of the PW_GW game session with low (ID_0) and high values
(ID_512) of PW_PAC_VIS

5.3.5 Comparison of Algorithm Performance

This section compares each of the algorithms performance against both sets of op-

posing algorithms to investigate the global performance of the algorithm.

5.3.5.1 Comparison of SSS-AB* and Ghost Algorithms

Reviewing the performance of the SSS_GW algorithm against the SSS_FLOCK algo-

rithm provides three direct factors for comparison; the �ee time, death time and vision

range. The GW algorithm has parameters GW_AWAY_GH and GW_TO_GH that

perform functions similar to that of the �ocking algorithm's separation and cohesion

rules respectively. Between both sets of algorithms the vision parameters produce the

largest e�ects, however in the SSS_GW the factors related to the the length of the

ghosts' �ee and death state times become much more prominent. In terms of sim-

ilar factors both separation, or GW_AWAY_GH, and cohesion, or GW_TO_GH,

prevail as the dominant main e�ects of their respective algorithm parameters set.

An interesting note is that the factor for hunger in �ocking algorithm played a large
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role, while in the GW algorithm the factor GW_PAC which essentially weights the

rule to chase Pac-Man's position while still signi�cant did not contribute to the same

extent. An explanation for this result is that with a larger number of rules, each

rule contributes less to the �nal decision. Certain rules help to predict areas that

Pac-Man is required to go to accomplish level tasks, as Pac-Man completes portions

of the level the number of areas the ghosts have to protect diminishes and provides a

greater opportunity for the ghosts to anticipate Pac-Man next area of attack.

The GW algorithm is speci�cally tuned for the Pac-Man game, while the �ocking

algorithm is a generalized movement pattern. As such we expected a higher level

of competition between the SSS-AB* player and the GW ghosts. In Figure 5.56,

we illustrate the results of the SSS-AB* algorithm against the �ocking algorithm

(FL_BASE) and GW_* for the GW algorithm with low fruit frequency.

This �gure illustrates that the SSS-AB* algorithm performs signi�cantly better

against the �ocking algorithm than against the GW algorithm. A couple of exceptions

are the number of close calls and the number of ghosts eaten. These two exceptions

indicate that Pac-Man was capable of avoiding ghosts whether being chased or while

in predator mode. In comparing the SSS algorithm and the GW factors, we observe

that the results are quite similar between GW_SSS_FT, GW_SSS_PAC_VIS_LEN

and the GW_SSS_FT. The only major di�erence is the number of fruit eaten which

as expected increases the longer the fruit is available on screen. We observe smaller

increases in the number of fruit eaten when Pac-Man's vision range is increased or

when the perceived value of the fruit is increased.
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Figure 5.56: Comparison of SSS game sessions results the �ocking algorithm and

the ghost weighted algorithm. The �ocking algorithm (FL_BASE) has only one

case as both where near identical except for number of fruit created. The Ghost

Weighted algorithm has base (GW_BASE) and factors SSS_PERCEIVED_FRUIT

(GW_SSS_PER_FRUIT), FRUIT_TIME (GW_SSS_FT), and PAC_VIS_LEN

(GW_SSS_PAC_VIS_LEN).

5.3.5.2 Comparison of Flocking and Player Algorithms

When comparing the performance of the �ocking algorithms in SSS_FLOCK and

PW_FLOCK, we can compare the four �ocking factors, the state factors, the vi-

sion parameters and the fruit time. Figure 5.57 displays the average performance

of Pac-Man against the �ocking algorithm, with each ID representing a factor that

was split during the analysis phase. The IDs are similar to previous sections but

now include the names of both algorithms used in the experiment, to di�erenti-

ate between di�erent algorithm set. The PW_BASE represents the base case for

the PW_FLOCK algorithm thus all factors are set to their low level value, while

the SSS_FLOCK_BASE is the base case for the SSS_FLOCK algorithm. The

FRUIT_FREQ factor has been excluded from this �gure for clarity and to provide
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comparable game settings. Figure 5.57 illustrates that the SSS-AB* algorithm out-

performs each session of the PW algorithm for the majority of response variables. One

PW session, session number PW_FLOCK_BG produces comparable results in the

number of steps and fruit eaten, but produces a higher number of repeated squares.

The factor PW_BADGHOST, represented by PW_FLOCK_BG, increases the con-

trol against moving towards ghosts. The results indicate that PW_FLOCK_BG

outperformed all other PW sessions while maintaining only a slightly higher number

of close calls despite a large jump in playing time. It is apparent that the added

precaution of avoiding ghosts above the normal level of avoidance resulted in higher

achievement in each response variable and a larger number of repeated steps. As

expected the SSS_FLOCK (SSS_FLOCK_BASE) proved more e�cient in its use

of steps than the PW_FLOCK_BG, and as such despite taking a similar number of

steps outperformed the PW session on score and level completion while maintaining

an comparable number of repeated steps to other ID's.

Interestingly, factor PW_ITEM_CTR (PW_FLOCK_ITEMC), which adds ad-

ditional weight to moving towards the center of all items, produces fairly poor results

in comparison to other ID's, outperforming only PW_TOK_FOR (PW_FLOCK_TOK).

Increasing the priority of movement to the center of items greatly increased the num-

ber of close calls, and while the number of steps remained similar to other IDs, it had

an adverse a�ect on the number of levels completed.

A review of tables shows that the PW Pac-Man was capable of surviving for a

large number of steps, but was having greater trouble accomplishing goals than the

SSS-AB* algorithm. The number of close calls is signi�cantly reduced by the SSS-

AB* algorithm. This indicates that the Pac-Man was unable to avoid the ghosts

with the same level of skill as the SSS-AB* Pac-Man or that the SSS-AB* algorithm

simply maintained a greater amount of space between Pac-Man and the ghosts.
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Figure 5.57: Comparison of Flocking game session results between the SSS-

AB* and Pac-Man weight algorithm. The SSS-AB* algorithm has case with

fruit frequency at a low level(SSS_FLOCK_BASE) and one at the highest

level (SSS_FLOCK_FT_FQ). The results of two cases are nearly identical ex-

cept for number of fruit created (FC) and eaten (FE). The PW_FLOCK pair

the base case (PW_BASE) and a case with a high value of fruit frequency

(PW_FLOCK_FT_FQ). The increased frequency of fruit produce similar results

to the low level value of fruit frequency. We observe a slight increase in the number of

close calls (CC) and repeated steps (RSQ), in addition to the increase in fruit creation

(FC) and fruit eaten (FE).
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Figure 5.58: Comparison of Flocking game session results Pac-Man weight (PW)

algorithm. The PW_FLOCK algorithm has been split into two cases, this case

contains the base case level PW_BASE where all factors are at their lowest levels.

In addition, we compare the results of the PW_TOK_FOR(PW_FLOCK_TOK),

PW_PP_FOR(PW_FLOCK_PP), PW_EDIBLE_GH(PW_FLOCK_EG) fac-

tors.
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Figure 5.59: Comparison of Flocking game session results Pac-Man weight

(PW) algorithm. The PW_FLOCK algorithm has been split into two

cases, this case displays the base case level PW_BASE where all factors

are at their lowest levels. In addition, we compare the results of the

PW_BADGH(PW_FLOCK_BG), PW_BADGH_CTR(PW_FLOCK_BGC) and

the PW_ITEM_CTR (PW_FLOCK_ITEMC).
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5.3.5.3 Comparison of Pac-Man Weighted (PW) and Ghost Algorithms

In this section we compare the performance results of the PW algorithm's against

the �ocking and GW algorithms. In Figure 5.60 we illustrate a comparison of the

overlapping factors for the PW_FLOCK and PW_GW algorithms. Each ID corre-

sponds to a factor of the PW algorithm. Overall, the largest response improvements

are produced by the PW_BADGH factor illustrated by (PW_FLOCK_BG). Figure

5.60 highlights several patterns in the PW algorithm performance, the �rst being the

largest variation occurring in the number of levels completed which appears to be

nearly evenly split between a high and low value. The score, number of steps, power-

pellets, tokens and repeated squares responses have fairly consistent ranges of values.

The result illustrated in Figure 5.60 shows that the response variables for number

of levels completed, fruits and ghosts eaten are responsible for the largest variation

among the games, indicating a good potential for adaptation for the response score.

If we can identify pivotal points that greatly a�ect those responses, we can adapt

factors to potentially broaden the resulting range of scores. However, a response vari-

able such as the number of steps displays a reduced range with minimal opportunity

for improvement, thus it may not be a good candidate for adaptation.
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Figure 5.60: Comparison of PW algorithm game session results against the

Flocking algorithm. This �gure illustrates the base case of �ocking and

PW algorithm(PW_BASE_F). The factors for the PW algorithm comparison

are: PW_EDIBLE_GH (PW_EG_F), PW_POWER_PILL (PW_PP_F) and

PW_TOKEN (PW_TOK_F).
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Figure 5.61: Comparison of PW algorithm game session results against the Flock-

ing algorithm. This �gure illustrates the base case of �ocking and PW algorithm

(PW_BASE_F) and the following factors: PW_BADGH_CTR(PW_BGC_F),

PW_ITEM_CTR (PW_IC_F), and the fruit frequency (PW_FRT_FREQ_F).
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Figure 5.62: Comparison of PW algorithm game session results against the

Flocking and Ghost weighted heuristics algorithm. Flocking factors are la-

beled via PW_FLOCK_*, while ghost weighted heuristics algorithm factors are

la belled PW_GW_*. The base cases are FLOCK_BASE for �ocking and

GW_BASE for ghost weighted heuristics algorithm. The factors for the PW algo-

rithm comparison are: PW_BADGH(PW_BG), PW_BADGH_CTR(PW_BGC),

PW_EDIBLE_GH (PW_EG), PW_ITEM_CTR (PW_IC), PW_POWER_PILL

(PW_PP) and PW_TOKEN (PW_TOK).
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Figure 5.63: Comparison of PW algorithm game session results Ghost Weighted

(GW) algorithm. This �gure illustrates the base case of GW and PW al-

gorithm(PW_BASE_GW).The factors for the PW algorithm comparison are:

PW_FRT (PW_FRT_GW), PW_POWER_PILL (PW_PP) and PW_TOKEN

(PW_TOK).
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Figure 5.64: Comparison of PW algorithm game session results against the Flocking

and Ghost weighted heuristics algorithm. The factors for the PW and GW algo-

rithm are: PW_BADGH(PW_BG_GW), PW_BADGH_CTR(PW_BGC_GW),

PW_EDIBLE_GH (PW_EG_GW) and PW_ITEM_CTR (PW_IC_GW).
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Figure 5.65: Comparison of PW algorithm game session results against the

Ghost Weighted (GW) algorithm. This �gure illustrates the base case of GW

and PW algorithm(PW_BASE_GW). The factors for the PW algorithm com-

parison are: PW_FRT_TIME (PW_FRT_TIME_GW) and PW_PAC_VIS

(PW_PAC_VIS_GW).
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5.3.5.4 Comparisons to Ghost Weighted (GW) and Player Algorithms

Figure 5.67 compares the performance of the GW algorithm against the SSS-AB*

algorithm and the PW algorithm. The SSS-AB* algorithm performs e�ciently and

scores uniformly higher for the three factors with a similar number of steps. The

number of steps response variable produces similar results for both algorithms which

may indicate that the GW algorithm produces a level of challenge beyond the scope

of both players. Figure 5.67 indicates that the PW algorithm put a higher priority on

the fruits and was capable of obtaining the fruits during game play. While the SSS-

AB* focused less on the fruit and more on the eating ghosts. Figure5.67compares the

base case of both algorithms with increased vision range for Pac-Man. The SSS-AB*

algorithm performance stays consistent or slightly improves for all response variables

except fruit eaten. The range of vision aids the PW algorithm perform better in

completing additional level tasks, at the expense of bonus tasks but overall fails to

vastly improve the score. Increasing the vision range of Pac-Man greatly decreases

the number of repeated squares for the PW algorithm. The number of repeated

squares demonstrated improved results when the vision range increased for the PW

algorithm, yet the SSS-AB* remained nearly the same.
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Figure 5.66: Comparison of results from GW algorithm game session against the

SSS-AB* and Pac-Man weighted algorithm. The factor's algorithm are indicated by

PW_GW_* for the Pac-Man weight algorithm sessions SSS_GW_* for the SSS-

AB* sessions. The base cases are identi�ed by SSS_BASE and PW_BASE, and

indicate all factors at their lowest level . The factors are length of time the fruit is

available (PW_GW_FT and SSS_GW_FT).
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Figure 5.67: Comparison of results from GW algorithm game session against the

SSS-AB* and Pac-Man weighted algorithm. The factor's algorithm are indicated by

PW_GW_* for the Pac-Man weight algorithm sessions SSS_GW_* for the SSS-

AB* sessions. The base cases are identi�ed by SSS_BASE and PW_BASE, and

indicate all factors at their lowest level . The factors are the range of Pac-Man's

vision (PW_GW_PAC_VIS_LEN and SSS_GW_PAC_VIS_LEN).

5.4 Experimental Environment Summary

The following sections summarize the results from the o�ine experiments described

throughout the previous sections of this chapter.

5.4.1 Model Evaluation Summary

In the model evaluation portion of the experiment we calculated the R-Sq values

for each algorithm pair. The R-Sq value provides an assessment of the amount of

variance described by the model, given a maximum of 127 terms per model. The

means of R-Sq(adj) values ranged 53-74% for the GW algorithms and 68-82% for

the �ocking algorithms. The lowest value occurred during the PW_GW algorithm,

while the highest occurred for the SSS_FLOCK algorithm. The model evaluation is
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a portion of the process which potentially could be omitted from the implementation

process, however it does provide two useful pieces of information. The �rst relates to

the number of terms required for the adaptive system. If our model explains a large

portion of the variance with only 127 terms and the lack-of-�t is not signi�cant there

is a possibility that no additional terms are required. This could prove bene�cial for

storage cost. Additionally this portion of the experiment indicated which response

variables should be easier to control. In the results in Section 5.2.3 we identi�ed that

adapting the game to control the collection of fruit or the number of levels completed

would be the most di�cult. Although this section indicates di�culty in predicting

and explaining speci�c response variables results, the PW_GW results indicate that

the response variables score and number of close calls are two of the more di�cult

variables to control, yet we produced fairly positive results in controlling them.

The lack-of-�t testing determined whether the terms excluded from the model

played a signi�cant role in the variation of the experiment. As part of our experiment

we separated the factorial design into small cases, so that the analysis could be com-

pleted. As mentioned, each case contained 10 factors which limited the maximum

number of terms per model to 1024, but increased the number of models. Our testing

indicated that none of the lack-of-�t tests for any of the models for any algorithm

proved to be statistically signi�cant. This demonstrates that our model could not be

greatly improved by the inclusion of additional terms. The lack-of-�t testing proved

the commercial limit of 127 term did not play a signi�cant role in limiting the results

of our separated case models, although the term limit was the cause of separating the

models based on large number of factors. As we observed in attempting to reconstruct

the SSS_GW models was that the lack-of-�t values were statistically signi�cant.

5.4.2 Factorial Analysis Summary

The factorial analysis portion of the experiment identi�ed factors which played a

signi�cant role in the variation of the response variables in the simulation. The �rst

portion of this study identi�ed statistically signi�cant terms that contributed the

largest term e�ects to the response variables. Due to the large number of terms in
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the experiment, we presented only the top results for this analysis. This method was

expected to identify and quantify the terms e�ects, some of which intuitively appeared

obvious before the analysis. However, other important applications of this analysis

is the identi�cation of insigni�cant terms and factors, unexpected signi�cant factors

and interactions which can explain previously unexpected modi�cations to the level

of di�culty. Results indicated that the vision parameters consistently had the largest

e�ect on the majority of the response variables. As expected, Pac-Man's results

improved with increased vision range and decreased with the ghosts' vision range.

Each algorithm had a unique set of factors; a number of the factors implemented

similar functionality. Across the ghost algorithms we observed a pattern that the

most signi�cant factors dealt with the separation and cohesion of the group.

After identifying the statistically signi�cant terms, our analysis reviewed the

terms' e�ect sizes to analyze the practical signi�cance of the terms. The practical

or game signi�cance of the terms provides additional information for our prediction

methods on how each term will alter the results of the response variables. The game

signi�cance is more useful to game designers than the statistical information. If a

game designer wants to modify an aspect of the game, they would review the factor

e�ect sizes and consider what has practical value for their game, rather than review

only the statistical signi�cance.

The third part of the analysis performed a simple comparison of the high and

low levels of factors which were omitted from the term e�ect calculations due to size

constraints. This method of analysis provided a useful tool for observing the results

of the factors without the term e�ect size. This form of analysis is well-suited for level

designers wishing to experiment with values for two or more factors. Although the

interaction information is not accessible for this comparison, it provided interesting

insight into how each of the main factors was e�ecting each of the response variables.

The ability to graphically visualize the results highlighted the trade-o�s between the

di�erent response variables. The frequency of the fruit creation was the only common

factor for each of the algorithm pairs and provided interesting results varying from

only minimal increases to score and fruit totals to a larger role that altered the
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length of the player's life and drastically altered the number of close calls and levels

completed.

The �nal analysis task assessed the global e�ects of comparable factors between

the algorithms. As expected, we identi�ed the �ocking algorithm as the weaker

defensive algorithm of the pair. The weighted ghost algorithm had a consistently

strong performance against both the SSS-AB* and the PW algorithm, indicating a

high level of performance or challenge. The SSS-AB* algorithm performed better for

the majority of response variables. It focused less on the bonus items and more on

collecting ghosts which added to the longer life span. On occasions which the two

player algorithms had nearly equivalent life spans, the SSS-AB* algorithm was more

e�cient, utilizing the same number of steps to produce slightly higher values in the

scores.
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Chapter 6

The Adaptive System

One of the goals of this thesis is to build a prototype system that adapts game

parameters based on the outcomes from the factorial analysis in the previous chapter.

This �nal chapter describes the implementation of an adaptive system which attempts

to control the progress of the game. First we discuss the additional calculations and

information that helped build the player models for the adaptive system in Section

6.1. Next, in Section 6.2 we discuss our selection of response variables to measure

and observe during the adaptation and the goals for the adaptive system. After

selecting the response variables to control, we discuss creating and tuning performance

heuristics in Section 6.3. Finally, we present the results in Section 6.4 for each of the

game sessions being controlled by the adaptive system. We will conclude this section

by presenting our success rates for controlling the response variables within a speci�c

target range of results.

6.1 Term Loading for Adaptive Pac-Man

As previously mentioned, one of the limitations of commercial software is the inability

to load a large number of terms into the model. This limitation is less of an issue in

the adaptive system, as we can specify the maximum number of terms to be loaded.

The commercial software limit on the number of loadable terms provides a reasonable

estimate of the number of terms required to be included and the expected explanation

using only 127 terms. If we are producing adequate R-Sq(adj) values with 127 terms

and the lack-of-�t is not signi�cant, given that our models were loaded with the

largest factor e�ects �rst, including additional terms may not improve results or be

needed if space requirements are tight.
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The initial step of the adaptive system experimentation was to create e�ects tables

for each of the response variables. In the initial part of the experiment discussed in the

experiments in Chapter 5, we identi�ed signi�cant factors and calculated e�ects for

all of those terms. This information is used to build the e�ects tables. An e�ects table

could be considered a list of all terms and the size of their e�ects. However, because

we are only adapting to factor levels that previously appeared in the experiment, we

can precalculate the full e�ects of each factor setting. Thus, rather than performing

a real time calculation to determine a game factor's possible e�ect on the game every

time we wish to make a modi�cation, we precalculate and store the sum of each factor

interaction into a table.

Impact Size Factor IDs Factor Setting

-10.665 A*B*C*D*E*F*G*H*I*J 1010000001

Table 6.1: An example e�ect table row. The Factor Setting identi�es which of the
10 factors (A- J) should use a high value and the total impact of these adjustments
would be -10.665. In this case, the term would be A*C*J would use their high values.

Table 6.1 is an example row as it would appear in the e�ects table. The �rst num-

ber is the total impact for this factor setting. We will use the terminology impact

size to indicate the sum of all factors and interactions, using the level value corre-

sponding by the factor settings. The second string is a list of all potential factor IDs.

Finally the third number is a bit map indicating which factors are using their high

level value. In this case A*C*J would be activated, -10.665 is the sum of A, C, and

J's main e�ects and their interacting e�ects, A*C, A*J, C*J and A*C*J at their high

level and the rest of the terms at their low level e�ect size. This optimization means

that our e�ects tables contains 2k impact sizes. Our implementation has consistently

used k = 10 or 1024 total e�ects in the table. This restricts the number of factor

settings to which we could potentially adapt the game to 1024.

The e�ect table provides important information about the expected results of

performing each adaptation. Each e�ect table provides an ordered list of each factor

setting's impact on the game, providing us with an estimate of the maximum and

minimum values or interval of adaptation that we can expect to occur in the the
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game. This interval is an estimate of the results as the combination of continual

modi�cations could produce unexpected results outside of this interval. The e�ect

table includes other potentially useful pieces of information such as the maximum

and minimum adaptation stride, which could be used to control the granularity of

adjusting the game. The e�ect table could also be used to identify ranges where

insu�cient information is available. For instance if the factor settings adjacent to

the current settings have large di�erences in the impact size, we could identify this

situation as one needing extra precaution in making adjustments.

The next step in developing the adaptive system included collecting and calcu-

lating the coe�cients of the regression equation. These were calculated during the

analysis of term signi�cance. A coe�cient is the mean of a response variable through

all of the runs and repetitions. The sum of the coe�cient value and the factor setting

e�ect size from the e�ect table indicates the total expected value of a response vari-

able for that factor setting over the course of a full game. The sum of the coe�cient

and the e�ect size of the factor setting is the value that will be compared to the value

produced by the heuristic to assess the di�erence between the current di�culty and

the di�culty required to produce results within the expected interval.

6.2 Response Variable Selection

The next phase of the adaptive system experiment included selecting response vari-

ables to adapt during the game and setting target interval for the �nal results. We

selected a game session from each algorithm pair to experiment with a diverse range

in the adaptation process. From the SSS_FLOCK algorithm we selected the game

session with low fruit frequency. As both game sessions were highly similar this se-

lection was straight forward. For the SSS_GW algorithm we selected the session

where FRUIT_TIME used its high level. The FRUIT_TIME was selected for the

SSS_GW algorithm due to the variance in the number of fruits collected response,

while producing similar results in other response variables. For the PW_FLOCK and

PW_GW algorithms we selected the game sessions with the PW_BAD_GHOST pa-
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rameter using its high level value. We utilized the PW_BAD_GHOST parameter

because it proved to have the most positive in�uence of all the comparisons for the

PW algorithm.

Once the game sessions were chosen, we selected response variables to attempt

to control. For the SSS_FLOCK algorithm we would attempt to control the score

response. In the SSS_GW and PW_FLOCK algorithm the game would adapt to

control the resulting number of steps. Finally, for the PW_GW algorithm we selected

to control two response variables: the score and the number of close calls. We selected

the score response to adapt, because the player perceives the score as a marker for

success and failure. However, the score can be di�cult to control due to its progression

being non-linear in nature and because Pac-Man has a variable rate of points he can

obtain each life. As an example Pac-Man can be revisiting squares in an attempt to

collect a fruit or eat a ghost, as such, no additional points would be awarded but there

is no increase in di�culty either. Thus, we selected the number of steps as a second

response variable to control as it provides a more consistent view of the progress of the

player. Finally, we wished to experiment with controlling multiple response variables

to demonstrate potential future usage. Here we included the score and number of

close calls response. These two response variables were selected because we felt that

players utilize the score as an important measure of success while the number of close

calls could alter the perceived level of challenge while potentially achieving similar

scores.

The next set of Tables 6.2, 6.3, 6.4 and 6.5 illustrate the expected maximum

interval for adaptation for a response variable. They illustrate that the adaptation

process is easier for some player than for others, as some tables have a large absolute

values for the maximum but not the minimum. The numbers in these tables indicate

the largest positive and negative impact sizes for each algorithm and the coe�cient for

the controlled response variable in the regression equation. The largest impact sizes

in conjunction with the coe�cient help support our selection for the target interval.

As the coe�cient is the mean of all repetitions of experimental runs, it provides an

estimate of the expected results. Our goal is to select the target interval within the
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bounds of the absolute maximum impact sizes, preferably a relatively safe distance

from the boundaries of the impact size so as to provide the greater number of options

for adaptation. If we select target intervals near the very outskirts of the e�ect interval

we risk several issues during the experiment. The �rst issue is that adapting to the

outskirts is that the opportunities for adaptation are heavily reduced due to minimal

factor setting selection de�ned in that set of values. The second issue is that the

stride of adaptation increases toward the boundaries of the impact interval, as such

we may be unable to match or converge upon the required level of granularity for the

level of change and it may result in our target goals being near impossible achieve.

Negative Score E�ect Positive Score E�ect Regression Coe�cient
-561.7 985.8 1911.8
-528.4 813.3
-522.6 789.1

Table 6.2: SSS_FLOCK Largest positive and negative Score e�ect

Negative Steps E�ect Positive Steps E�ect Regression Coe�cient
-58.583 124.417 263.166
-56.4165 120.083
-54.083 118.417

Table 6.3: SSS_GW Largest positive and negative Step e�ects and the regression
equation coe�cient.

Negative Steps E�ect Positive Steps E�ect Regression Coe�cient
-105.769 190.398 374.871
-103.102 184.231
-97.2691 178.564

Table 6.4: PW_FLOCK Largest Factor Setting E�ect

For each game session and controlled response we selected target zones towards

which we attempted to direct the result of the game. Table 6.9 illustrates our selec-

tions for the target interval for each response, as well as the number of runs which

occurred above, below or in the target range before the adaptive process was imple-

mented. Our selection process for the response variable intervals attempted to cover

a basic scope of adaptive situations. For the �rst two cases we selected an interval
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Score Impact Size Close Call Impact Size
-257.291 -68.5687
-255.624 -65.7354
-241.457 -65.0687

Table 6.5: The lowest negative score and close calls impact sizes for the PW_GW
algorithm.

Score Impact Size Close Call Impact Size

696.044 266.264
642.709 191.765
607.709 187.264

Table 6.6: The highest positive score and close calls impact sizes for the PW_GW
algorithm.

in the middle of the results to replicate a slight increase or decrease in the level of

di�culty to have a balanced game. In the �nal two cases we selected intervals which

was tilted towards the high end or low end of results. This situation was selected to

replicate a scenario where a large number of alterations were required to drastically

alter the results, that is where a player model is required to drastically alter the

current performance to produce desired results.

6.3 Heuristics

In building our heuristics to predict Pac-Man's performance we utilized two meth-

ods. For the SSS algorithms we built the heuristic functions using portions of our

performance measures. For the PW algorithms we utilized regression equations along

with minor adjustments. An important issue arose from developing our system is

that the term e�ects were calculated over the duration of a full game, however our

adaptation process performs adjustments at set interval times during each life. Thus,

the �rst step in developing our heuristics was to isolate the performance of Pac-Man

for each life and provide an expected value for each of the response variables. For

our selected control response variables, we observed that the score response variable

decreased over the three lives, with the �rst life on average producing the highest

score. While the �rst life produced higher values for the number of close calls and
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Score Coe�cient Close Call Coe�cient
1144.58 144.804

Table 6.7: PW_GW Score and Close Call Coe�cients.

Score Coe�cient Close Call Coe�cient
1144.58 144.804

Table 6.8: PW_GW Score and Close Call Coe�cients.

steps, the performance remained fairly consistent over the second and third life, with

the third life value even producing higher values for the PW algorithm. The mean

performance for each life for each algorithm can be found in Appendix C.

The �rst heuristic was designed for predicting the steps of the SSS_GW game

session. The reason for choosing to develop this heuristic �rst where: designing for

the number of steps is a simpler task than designing for the score, and the result for

the number of steps provides a view of continuity and consistency. After reviewing the

results for this algorithm, we identi�ed that the number of power-pellets remaining

played an important role in the number of steps the player would complete during

a life. We designed the heuristic to use the mean number of steps per power-pellet

based on the mean performance of the current life of Pac-Man multiplied by the

number of power-pellets left on the board. The mean performance of the current

life, would use the means from all simulations of the experiment and separate the

statistics based on which life points where collected. So, if Pac-Man is on his �rst life

the mean performance would only compare information that is achieved during the

�rst life in the experimental runs. We performed similar calculations for the mean

steps per token. Since the number of tokens is quite high, we utilized a dampening

factor for the mean steps per token, which starts at 4 and decreases to 1.

The second heuristic has been designed to predict the score for the SSS_FLOCK

algorithm. As previously mentioned, the score is more di�cult response to control.

If the player collects a bonus item or a couple of additional ghosts the results can

easily go awry. An additional area of di�culty is that a heuristic that estimates the

score likely has to estimate the number of steps as well. Initially the creation of

this heuristic utilized the heuristic created for the SSS_GW steps simulation. In the
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Algorithm Response Target Interval

SSS_FLOCK Score 1600-2000
SSS_GW Steps 220-265

PW_FLOCK Steps 320-400
PW_GW Score 900-1050

Close Calls 70-120

Table 6.9: Selected response variables target interval prior to the activating the adap-
tive system.

Algorithm Target Interval Below Interval In Interval Above Interval

SSS_FLOCK 1600-2000 333 279 420
SSS_GW 220-265 327 285 418

PW_FLOCK 320-400 563 252 210
PW_GW 900-1050 199 277 555

70-120 234 262 532

Table 6.10: Results from the experimental phase we have calculated the number of
results to occur in the target interval prior to the activating the adaptive system.

GW algorithm the player died slightly faster, thus the dampening factors had to be

made to alter in larger increments. In addition we tweaked the SSS_GW heuristic by

creating an additional catch all for any estimates below the current number of steps.

Once we had an estimate for the number of steps, we compared the current rate of

scoring per step in relation to the mean rate of scoring for this speci�c Pac-Man life.

During the early portion of the life we would utilize the mean rate of scoring per life.

As the life progressed we would utilize the player's current rate of scoring to make

adjustments. Using the mean rate of score per life during the early portion of the life

was to avoid over-correcting for the natural progression of scoring which begins very

high and decreases throughout game play.

For the third heuristic we develop utilized a regression equation to predict the

number of steps for the PW_FLOCK algorithm. The regression equation was built

based on the regression coe�cient and the player's current score, the number of levels

completed, the number of close calls and the number of fruit, ghosts and power-pellets

collected. For this heuristic we actually built three separate regression equations one

for each of Pac-Man lives. Information for the regression equation can be found in D.

The fourth and �nal set of heuristics were designed for the PW_GW algorithm
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to predict the score and the number of close calls. We previously mentioned the di�-

culties in predicting the response variable score. Predicting the number of close calls

proved to be equally elusive. Even our regression equation produced low prediction

rates for the number of close calls. Ultimately, we used the expected number of close

calls from the results for the current factor settings. The second heuristic developed

for this section was used to predict the score. We utilized a regression equation to

predict the score. However, unlike the previous example, we used only one regression

equation for the entire game instead of the one per life. In addition, we populated

the regression equation with the maximum of the current value or the mean life value

to calculate the result. Thus, initially the game would adapt based on the mean,

but if the current game results progressed above the mean we would adapt to that

information. The regression equation for the score for the PW_GW algorithm used

the following response variables to predict the score: the number of steps, levels com-

plete, close calls, ghosts collected, power-pellets, and repeated steps. Information for

the regression equation can be found in D.

6.4 Results

Each algorithm with its selected factor settings was rerun with the adaptive system

activated. The adaptive system attempted to control the pace such that the results

of the response variables would �nish within preset target intervals. In the previous

section we selected those response variables and control intervals. This section com-

pares the results of the experiment runs with the adaptive system using the heuristics

described in the previous section.

Utilizing each of the heuristics we were capable of improving the results of each of

the target response variables. Our goal was to increase the number of game sessions

within the target interval for one of the response variables by at least 5 percentage

points. This goal was accomplished for each algorithm set. For the SSS_FLOCK

algorithm we improved the number of games in the target interval from 27.03% to

35.19%. The greatest improvement came from the �rst heuristic we developed which
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initially had 27.87% of game sessions in the target interval and adapted to 39.61%.

The PW_FLOCK adaptive session controlled the score response and showed im-

provement from 24.59% to 30.93%. Finally, the PW_GW adaptive game session

attempted to control both the score and the number of close calls improved from

26.87% to 28.81% for the score and 25.48% to 33.59% for the number of close calls.

Interestingly for the �nal case, we could have selected heuristics which would have

better control over the score response variable. However, the �nal heuristic proved

capable of maintaining the same interval of scores while increasing the number of close

calls. This illustrates the ability to increase the perceived di�culty, while allowing

the player to achieve results within the same score interval.

Algorithm Response Target Interval

SSS_FLOCK Score 1600-2000
SSS_GW Steps 220-265

PW_FLOCK Steps 320-400
PW_GW Score 900-1050

Close Calls 70-120

Table 6.11: Results after the adaptive system has allowed adjustments to occur, the
number of game session in targeted results range has increase for each of the response
variables.

Algorithm Target Interval Below Interval In Interval Above Interval

SSS_FLOCK 1600-2000 440 (+107) 373 (+107) 247 (-173)
SSS_GW 220-265 230 (-97) 408 (+123) 392 (-26)

PW_FLOCK 320-400 348 (-215) 317 (+65) 360 (-150)
PW_GW 900-1050 283 (+84) 286 (+9) 463(-92)

70-120 222 (-12) 344 (+82) 458 (-74)

Table 6.12: Results after the adaptive system has allowed adjustments to occur, the
number of game session in targeted results range has increase for each of the response
variables.

6.5 Adaptive System Summary

The adaptive system portion of the experiment used the results from the factorial

analysis phase to actively adapt the game at set time intervals. This part of the
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study relied on two main design issues, the �rst being the creation of the heuristic

to predict the current level of success for a selected response variable and the second

being the adaptation of a game setting to direct the player's success towards the

targeted interval. Since we designed a simpli�ed version of the adaptive system, we set

our goals to be within an achievable interval given the number of key omissions from

the adaptive system. The development of our heuristics used regression equations on

the assumptions of e�ective performance measures. The creation of these types of

heuristics maybe a more suitable task for machine learning algorithms, as producing

the four heuristics required trials and experimentation.

Overall the results from the adaptive system were positive. We set the goal of

controlling the game sessions to increase the number of sessions in the targeted interval

by 5% percentage points. We accomplished the desired level of result, improving the

number of games within the interval by 5% - 12% points. Although we could have

tuned the heuristics further we felt these results conclusively indicated the potential

of the system. It is important to remember that individual cases are not comparable.

Our results indicate that a greater number of cases of the hand-crafted heuristics

�nished within the target interval. However, each adaptive simulation is a unique

case, containing unique models of the player's performance and di�erent response

variables. As an example, explaining the variation with the PW_GW algorithm

set is more di�cult due to the larger number of factors. Since each case represents

di�erent algorithms, player models and response variable, we are indicating that we

can be adaptive for a variety of cases. but this should not be viewed as promoting

hand-crafted heuristics above regression equations.

In particular the results for the PW_GW algorithm which controlled for the score

and the number of close calls proved to be quite promising. Although we produced

only a small improvement in controlling for the score, we had tremendous success

in improving the number of close calls in the interval. This particular case was

also of interest because it pitted the bene�ts of two response variables against each

other. In certain scenarios, the adaptive system could be unable to select a factor

setting which improved the results of both response variables, similarly it may be
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forced to select factor setting which comprised the optimal selection of both response

variables to accommodate a cumulative improved response. The �nal point of interest

for adaptation is that current research has already begun having success mapping

multiple response variables to player's emotional states, such as fun or frustration

[57].
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Chapter 7

Conclusion and Future Work

This chapter highlights the contributions of our experiment and methodology, in ad-

dition we discuss logical methods of progression and potential applications for future

work from the the results of this thesis.

7.1 Contributions

This thesis investigated a methodology of identifying and quantifying signi�cant fac-

tors relating to the di�culty of a video-game. We utilized a factorial analysis approach

which focused on understanding how di�erent factors in�uenced a set of response vari-

ables. The set of the response variables could potentially describe the challenge of

the game, faced by each of the algorithms. Quantifying each of the term's e�ect size

for each response variable was the key step performed during the factorial analysis.

This step allowed the adaptive process to select and adapt appropriate factor settings

to meet the target control interval. After processing the term e�ect size for each

response variable, we built a simple prototype of an adaptive game system to test the

results. Although, we implemented an uncomplicated version of the adaptive system

we managed to produce positive results. Our adaptive system managed to control

the results of selected response variables, signi�cantly increasing the number of game

sessions within target intervals by 5% - 12% points.

The methodology used throughout this thesis for identifying the e�ect sizes of fac-

tors for a number of di�erent response variables provides an important intermediate

and potential preprocessing step between the current existing commercial software

and the goal of a truly adaptive game system. As a preprocessing step this method-

ology can be used to identify factors with little or no signi�cant e�ect on the results.
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These factors could be removed from inclusion in learning algorithms and ignored by

level designers. Our prototype of the adaptive game system illustrates the potential as

an intermediate step, as it allows game factors to be adapted in an online setting but

only to a prede�ned interval of values. This provides the advantage that commercial

games are searching for in pre-release testing, while allowing an adaptive system to

tune to the player's preferences. The adjustment occurred dynamically during game

play and if we increased the number of levels for each factor this method could account

for a additional di�culty levels. In addition, the greater the number of factor levels

the larger the number of situations the system could adapt too. The additional factor

levels would come at an expense of memory usage, but would improve the granularity

of modi�cations and allow a larger selection of players be to represented.

In addition our research is unique in creating a set of response variables for which

adaptation could take place. The majority of research has focused on using a single

response such as score to perform adaptation. Recent research has demonstrated that

the future of adaptive game systems will require multiple sets of response variables to

predict emotional states [32, 57] such as frustration, as such adaptive game systems

will require the ability to adapt for these sets of response variables. Yannakakis and

Hallam's research showed that emotional states can be predicted given a number of

response variables, the combination of our research projects could provide a positive

step toward adaptation for emotional states simply on the basis of response variables,

and being able to control those response variables by altering game factors.

The obvious limitation of this methodology is based on the number of factors,

as the cost of analysis grows exponentially for each additional factor. The limit of

the commercial software was 7-8 factors for a full factorial analysis, however in cases

where minimal interaction between factors is expected a fractional factorial analysis

provides the ability to perform analysis for a higher number of factors. Our analysis

was capable of utilizing properties of the full factorial analysis to go beyond the range

provided by commercial software to 15 factors, although we utilized groups of 10

factors. The commercial limitation of the number of factors for the factorial analysis

and the number of terms for the model in creating R-Sq values limited the scope of
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our analysis. However these steps are not necessary for building this adaptive system,

but may provide useful information for space requirements and the ease of adapting

for response variables.

A potential limitation of calculating term e�ects is that players' abilities and skills

are dynamic and players tend to become better at games as they play more. Thus,

gradually throughout gameplay as the player's skill increases, the term e�ects size will

drift from the original accurate results to inaccurate unless the player model adapts

to re�ect this player progression.

7.2 Future Work

This section discusses potential future work for the area of adaptive gaming systems.

The discussion reviews the factorial analysis approach, as well as future work within

the prototype of the adaptive game system.

7.2.1 Factorial Analysis

As previously mentioned the largest limitation of the factorial analysis methodology

is the exponential growth of calculations that occurs by including additional factors.

To e�ectively integrate the information obtained from the factorial analysis into the

adaptive system, the process should identify and eliminate insigni�cant terms. Factors

should only be removed from the analysis process once shown that they produce

minimal statistical or game signi�cant contributions to a spectrum of players, as they

may be insigni�cant to some players while important to others.

The limitation of utilizing a factorial analysis for simple game parameters such

as vision range would quickly become overwhelmed if implemented in a larger game

setting. Areas, in which this analysis method could prove useful occur in speci�c

small reoccurring scenarios of games, such as platform jumping or target aiming. In

addition, this method could prove e�ective with higher level or generalized factors

such as player aggression or stealth, instead of very low-level values like vision range.

Generalized factors could encompass a larger set of factor or even be represented by
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di�erent algorithms.

Initially, during an exploratory stage of our research we tested multiple commercial

software statistical packages. During, this exploratory stage we tested Minitab, SPSS

and R statistical packages. Our testing, found Minitab to have an improved user-

interface and was computationally faster for a factorial design, than SPSS. The R

statistical program along with the factorial design package AlgDesign, showed to

initially be unable to handle data sets of the magnitude of our experiment. Due

this fact and the steeper learning curve of R, we ultimately selected Minitab as our

statistical package for our experimental analysis. However, a recent commercial R

library released in 2011 claims to be capable of handling statistical experiments of

this size [4]. The Revolution R Enterprise is speci�cally designed for scalable data

set, and provides a video demonstration of a linear regression and prediction on a

13GB and 120 million-row data set [4]. Further, experimentation of this Revolution

R program may ease the methodology of this size of experiment, the practically of

implementation and ease the presentation of the results.

7.2.2 Online User Observation

In our research, the player actions were simulated via a static algorithm, the tracking

information is basically equivalent in an online setting. The process should be moved

to an online setting to gain a larger spectrum of players and test cases. In addition,

observing the gameplay of real players would allow players to be clustered based on

attributes and response results. That information could be used to create generalized

understanding of performance, as well as de�ne player types for the game and possibly

tracking progression from beginner to experienced players. Potentially, a player pro�le

would be created for all players, performance could be logged and the information

stored and analyzed o�ine. In an o�ine setting, a factorial analysis could be used

to identify game signi�cant factors, which could be stored and re-evaluated over

the duration of their play. If this information was available, it could be utilized in

conjunction with information from the player pro�le, such as reaction speed, gender

or experience with the game genre. From this information of player preferences and
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factor game signi�cance, we could produce informative player models. These player

models would have adequate information to adjust the game based on general player

psychological preferences, but also based on an individual factor level.

The ultimate goal of an adaptive system is to produce a state of optimal immersion

or Flow, by understanding the relationship between our factors e�ect on response

variables and the relationship of those response variables to emotional states. In

doing so, we can give developers the additional tools needed to promote the emotional

reaction they want to achieve. Our research has focused on the within-subject design,

meaning we investigate sections of the player's gameplay under a variety of situations.

To help players achieve and retain a state of Flow during their game session, the

adaptive system requires a method with knowledge of transitioning the player to new

game elements and challanges. Future work with online players should also address

between-subject design, as the transition of the player's emotional state and their own

natural progression will play an important role in predicting future player models and

how those models will adapt.

A potential approach to integrate our methodology with the transitional progres-

sion of the player is to consider all information as unique static player models within

a database. Storing the player factor information at regular intervals provides an

additional method of performing prediction, about how a player might transition.

Each time we evaluate the player's state we explore player pro�les that are similar to

the current player either in player ability or e�ect on response variables. Clustering

these player models allows a comparison between players with similar game signi�cant

terms and/or between the player's topology. All of this information progresses to-

wards a system which is capable of predicting based on pro�le and game play. Player

models could then predict factors to modify or reevaluate their accuracy based on the

transitional path of other players in their cluster.

Online user observation is the �rst step toward integrating this methodology with

research that maps response variables to emotional states of players and producing

improved player models. Future work could integrate the research predicting emo-

tional state from questionnaires [32, 57]. This progression could ideally produce an
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improved understanding between emotional states and a set of game factors. Addi-

tionally, the combination of each methodology would allow greater control in creating

and altering speci�c emotional responses. Identifying emotional state is and impor-

tant area for future research as we need to be able validate whether our player models

are contributing to produce the correct emotional states. The emotional state of the

player should be integrated with the research of player typologies to identify any

potential patterns from players during speci�c emotional states.

7.2.3 Adaptive Game System

In the development of the adaptive system prototype one of the key elements was the

ability to assess the player skill level and accurately predict performance. Predicting

the performance allowed the correct adjustment to be made to reach the targeted

response goals. Our research used two methods to produce heuristics to predict

performance; the �rst was hand crafted heuristics based on performance measures

and the second used regression equations from the simulation information. These

methods produced adequate results for our requirements, although future work should

investigate this task by implementing machine learning algorithms. This problem is

well suited to machine learning due to the high complexity of these functions, as well

as the dynamic aspect of a player's natural experience progression.

The progression of adaptation is another area for potential work within the adap-

tive game system. We developed a method of identifying and quantifying a term's

e�ect on a response variable, little research exists which investigates the rate of which

adaptation should occur. The rate of adaptation becomes a predominant aspect in

the adaptive system because it would limit the opportunities of mistakes from over-

correcting the di�culty and would maintain the sense of believability for the player

who may notice drastic alterations to the level of di�culty.

Our prototype adapted the game to settings previously viewed in the simulation

phase of the experiment which is ideal for level designers and game testers, as dynamic

aspect of the game can be tested but also provide a range of of challenge. Increasing

the number of factor levels slightly increases the complexity of the analysis, but if the
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factorial design included 3 levels it would allow a game designer to analyze factors in

the traditional easy, medium and hard scenario. To develop a truly adaptive game

system, our system would need to interpolate and extrapolate the data to include

unobserved factor level values. Future research may consider performing multiple runs

of the simulation phase with di�erent factor levels to reduce the range of observed

data which could potentially decrease errors while calculating unseen values.

7.2.4 Commercial Implementation

This research focused on producing results which could be applicable to both academic

and commercial areas of gaming. Particularly, during the analysis and prototype

phases we emphasized how our design could easily integrate into current commercial

games. The methodology proposed in our research could be used several ways to

improve commercial game development. First, the factorial analysis phase can be used

to test new game mechanic and additionally to balance selected mechanics or levels.

Additionally, the mechanics of factorial analysis create a within-subject snapshot of

how the factors e�ect the player's performance on a set of response variables. The

methodology of this research, can be used to test new features or balance the game

but the game must be within a stable state, as parameters which implicitly alter

the results must remain consistent for the results to be useful. The generalization,

modularity and independence of the analysis system allows for quick integration for

testing and easy removal before product release.

In terms of the commercial software pipeline our research methodology provides

greater use toward the completion of the project as a larger number of game mechanics

and design decisions become �xed. Portions of the adaptive game system should use

machine learning techniques to adapt to the players. As previously mentioned, this

methodology could be used to generate snap-shots of the player's performance at

certain intervals; these snapshots are only e�ective if the algorithms used remain

relatively consistent with their decision process throughout the analysis phase. In

addition, the analysis for any machine learning algorithms used for the NPC behaviour

should be analyzed after the learning phase and before setting the �nal behaviours
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for release.

7.3 Conclusions

Our research investigated a methodology to identify game factors which altered the

simulated player's performance on a set of response variables. The overall objective

of our research is to contribute to the practical implementation of the AGS model

by understanding how to adapt the game to particular individuals and by measuring

the e�ectiveness of those adaptations. Understanding how modi�cations of the game

a�ect the player's performance is the �rst step toward understanding how modi�ca-

tions of the game a�ect the player's emotional state and investment. Future research

within this area will need to focus on the relationship between game factors and

emotional states to engage and promote highly immersive states. Our research has

demonstrated the ability to understand how each factor e�ects the player's perfor-

mance. Our results indicated that a small consistent set of factors played prominent

roles in altering the performance of the player for all response variables. Although,

intuitively, a number of these factors could be predicted as being prominent factors

it is important to rank these factors. In addition, the strength of this analysis is not

only to identify important factors but also to demonstrate which factors have minimal

impact on the game.

The results of the Pac-Man analysis indicates that the vision of the ghosts and Pac-

Man along with the �ee and death times played the most prominent roles. However,

we also identi�ed that the perceived value of the fruit played a minimal role for the

SSS-AB* player, while the perceived value of the fruit was of greater importanace

to PW algorithms based players. The analysis provided interesting results for the

interaction of game factors and which algorithms produced emergent behaviour. This

type of information can be di�cult to discover during testing and can be valuable for

game designers to understand high levels of unintended di�culty. The analysis also

highlighted interesting properties relating to the perceived level of challenge; when the

player engaged in bonus tasks it often resulted in a diminished overall performance
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rather than additional points scored by the player. This type of information could

help designers strategically place bonus items or tasks in areas with lower levels of

interest rather than challenging areas.

As previously discussed, the e�ectiveness of this methodology is highly dependent

on the ability to compute a large number of factors e�ciently. The large number of

games required for simulation helps with testing and identifying imbalances within

the game. Commercially, this methodology is e�ective for testing new features and

tuning �nal factor setting for release. It can be easily integrated into commercial

products during the testing phase and due to the independence and modularity of

this sub-system it can be easily removed before the product is release. In addition, the

analysis phase is completely independent of the factors level values, so it can be used

without modi�cation for a wide variety of games. Due to the fact, that either NPC or

level factors can be modi�ed and observed with this analysis this methodology o�ers

the ability to make design decisions based on overall game design issues or temporary

issues such as opponent behaviour.

Finally, the strength of this analysis method is based on the implicitly de�ned

aspect of the player model and the factor e�ects on each response variable. This

methodology will improve researchers' ability to compare, cluster and generalize per-

formance of di�erent player types. This type of information will aid designers to

drawing conclusions about the e�ects of their design decisions and predicting impact

on di�erent player types. The analysis method we experimented with during this

thesis has shown to be successful toward understanding and adapting the game's

factors. The trade-o�s for this experiment have been the di�culty in working with

large number of factors and the o�ine nature of the experiment. However, we feel

the methodology has shown to be a positive progressive step toward improving and

understanding game balancing and adaptive gaming. Adaptive gaming still has a

large number of di�cult issues to address for future research, however building on the

results of our research we can now progress toward connecting the emotional state of

the player to modi�cations of the game. This information brings us one step closer to

the goal of creating targeted emotional responses from the modi�cation of a few game
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factors. Understanding and creating the precise intended emotional state of the player

helps engage the player and allows the game to meet the emotional requirements of

the player which is vital to creating the optimal state of Flow.
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Appendix A

Factor E�ects

A.1 SSS_FLOCK Factor E�ects

This section provides a detailed view of a maximum of 127 terms included in each

SSS_FLOCK response variable model. The �rst table presents the size of the con-

�dence intervals for each response variable. If the absolute value of the regression

coe�cient is below these value it was not statistically signi�cant. The models used

a 95% con�dence interval or α = 0.05 to test statistically signi�cant values. Each

section provides two tables, the �rst table presents the main e�ects and their e�ect

size. The second table illustrates the e�ect sizes of the remaining terms that were

included in the model.

Response Statistical Signi�cant E�ect Size

Score 21.33

Steps 3.38

Levels Complete 0.01

Close Calls 2.08

Fruit Created 0.06

Fruit Eaten 0.02

Ghosts Eaten 0.04

Power-Pellets Collected 0.05

Tokens Collected 1.90769

Repeated Squares 1.51895

Table A.1: SSS_FLOCK Con�dence Intervals value
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A.1.1 SSS_FLOCK Close Calls Model Terms

Main E�ects E�ect Size Interactions E�ect Size

FLEE_TIME (A) -18.71 A*E*F*I 14.20

DEATH_TIME (B) 3.00 G*J 14.03

FRUIT_TIME (C) -2.07 A*D*E*F -12.24

FLOCK_SEP (D) -10.03 B*D*E*F*I -11.98

FLOCK_ALI (E) -9.20 D*G*J 11.97

FLOCK_COH (F) -9.20 E*J -11.84

FLOCK_HUNGER (G) 36.27 F*J -11.84

SSS_PERCEIVED_FRUIT (H) 0.99 A*B*I -11.67

PAC_VIS_LEN (I) 7.01 B*I 11.53

GH_VIS_LEN (J) -20.36 G*I*J 11.15

B*E*G -10.71

B*F*G -10.71

A*E*F*I*J 10.64

D*E*F*I -10.58

B*G -10.27

A*B*I*J 10.18

A*B*D*J -9.73

E*F*G*J 8.93

B*D*G*I*J -8.78

E*G -8.63

F*G -8.63

Table A.2: The main e�ects and a portion of the largest e�ect sizes included in

SSS_Flock model for the response variable Close Calls.
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A.1.2 SSS_FLOCK Fruits Eaten Model Terms

Main E�ects E�ect Size Interactions E�ect Size

FLEE_TIME (A) 0.01 D*E*F*G*I*J -0.11

DEATH_TIME (B) 0.06 A*E*F*G*I*J 0.10

FRUIT_TIME (C) 0.25 A*B*J 0.10

FLOCK_SEP (D) 0.08 A*E*F*J 0.10

FLOCK_ALI (E) 0.02 I*J -0.10

FLOCK_COH (F) 0.02 A*G*J 0.08

FLOCK_HUNGER (G) 0.00 D*E*F -0.08

SSS_PERCEIVED_FRUIT (H) 0.08 D*E*F*G 0.08

PAC_VIS_LEN (I) 0.08 B*D*E*F*I -0.08

GH_VIS_LEN (J) -0.18 A*D*E*F*G*I*J 0.08

A*G*I*J -0.07

A*B*E*F*G -0.07

B*E*F*G*I*J -0.07

A*D -0.07

B*E*G*J -0.07

B*F*G*J -0.07

A*B*D*E*F*J -0.06

E*F*J 0.06

D*E*I*J -0.06

D*F*I*J -0.06

A*D*I*J 0.06

E*F -0.06

Table A.3: The main e�ects and a portion of the largest e�ect sizes included in

SSS_Flock model for the response variable Fruit Eaten.
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A.1.3 SSS_FLOCK Ghosts Eaten Model Terms

Main E�ects E�ect Size Interactions E�ect Size

FLEE_TIME (A) 0.73 D*G*J 0.44

DEATH_TIME (B) -0.05 A*E*F 0.26

FRUIT_TIME (C) 0.03 A*E*F*I 0.25

FLOCK_SEP (D) 0.23 B*G*I 0.23

FLOCK_ALI (E) -0.13 B*D*G*J -0.21

FLOCK_COH (F) -0.13 E*F*J 0.21

FLOCK_HUNGER (G) -0.05 D*E*F*G*J -0.20

SSS_PERCEIVED_FRUIT (H) 0.10 A*D*G*I*J -0.19

PAC_VIS_LEN (I) -0.33 D*I 0.19

GH_VIS_LEN (J) -0.18 B*E*F*I -0.18

D*E*F*I -0.18

B*D*G -0.18

B*E*G*I 0.18

B*F*G*I 0.18

A*D*E*F*G*I 0.18

D*E*F*I*J -0.17

A*B*D*E*F*G*J 0.17

A*E*I 0.17

A*F*I 0.17

D*E*F*J 0.17

B*I 0.16

B*E*F*G*J 0.16

D*G 0.16

Table A.4: The main e�ects and a portion of the largest e�ect sizes included in

SSS_Flock model for the response variable Ghosts Eaten.
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A.1.4 SSS_FLOCK Levels Completed Model Terms

Main E�ects E�ect Size Interactions E�ect Size

FLEE_TIME (A) 0.07 A*E*F*I 0.10

DEATH_TIME (B) 0.05 E*F -0.08

FRUIT_TIME (C) -0.01 B*D*E*F*I*J -0.08

FLOCK_SEP (D) 0.02 E*F*G*I -0.07

FLOCK_ALI (E) 0.02 A*D*G*I*J -0.07

FLOCK_COH (F) 0.02 A*D*E*F*G*I 0.07

FLOCK_HUNGER (G) 0.06 D*I 0.07

SSS_PERCEIVED_FRUIT (H) 0.00 B*D*I*J 0.07

PAC_VIS_LEN (I) 0.15 E*J -0.06

GH_VIS_LEN (J) -0.19 F*J -0.06

D*E*F*I -0.06

I*J -0.06

A*E*G*J -0.06

A*F*G*J -0.06

B*D*E*F*I -0.06

D*I*J 0.06

A*E*G -0.06

A*F*G -0.06

B*D*E*F -0.05

B*D*E -0.05

B*D*F -0.05

D*G*I 0.05

Table A.5: The main e�ects and a portion of the largest e�ect sizes included in

SSS_Flock model for the response variable Levels Completed.
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A.1.5 SSS_FLOCK Power-Pellets Collected Model Terms

Main E�ects E�ect Size Interactions E�ect Size

FLEE_TIME (A) 0.36 D*E*F*I -0.33

DEATH_TIME (B) 0.20 E*F*G*I -0.32

FRUIT_TIME (C) 0.00 A*E*F*I 0.32

FLOCK_SEP (D) 0.03 D*I 0.31

FLOCK_ALI (E) 0.04 D*G*I*J 0.31

FLOCK_COH (F) 0.04 I*J -0.30

FLOCK_HUNGER (G) 0.14 E*F -0.29

SSS_PERCEIVED_FRUIT (H) -0.01 D*E*F*J 0.29

PAC_VIS_LEN (I) 0.65 A*D*G*I*J -0.26

GH_VIS_LEN (J) -0.67 A*E*F*I*J 0.25

B*D*E*F*I*J -0.24

B*E*F*G*J 0.24

E*J -0.24

F*J -0.24

A*E*F*J 0.24

E*F*G*J 0.21

A*D*G -0.21

D*G*J 0.21

A*B*D*E*F*G 0.20

A*D*I*J 0.20

G*I*J 0.20

B*D*E -0.20

B*D*F -0.20

D*G*I 0.20

Table A.6: The main e�ects and a portion of the largest e�ect sizes included in

SSS_Flock model for the response variable Power-Pellets Collected.
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A.1.6 SSS_FLOCK Repeated Squares Model Terms

Main E�ects E�ect Size Interactions E�ect Size

FLEE_TIME (A) 7.52 D*G*J 12.46

DEATH_TIME (B) 4.55 B*D*E*F*I*J -11.03

FRUIT_TIME (C) -0.14 A*E*F*I 10.57

FLOCK_SEP (D) 3.20 I*J -9.73

FLOCK_ALI (E) 0.16 D*G*I*J 9.41

FLOCK_COH (F) 0.16 B*D*I*J 9.00

FLOCK_HUNGER (G) 7.35 B*J -8.88

SSS_PERCEIVED_FRUIT (H) -0.78 E*J -7.94

PAC_VIS_LEN (I) 11.13 F*J -7.94

GH_VIS_LEN (J) -20.17 A*E*F*J 7.84

A*D*E*F*G*J 7.78

A*D*E*F -7.46

D*E*F*I -7.35

A*B 6.84

A*B*D*E*F -6.61

G*J 6.40

A*B*D*J -6.07

A*D*G*I*J -6.00

A*B*I -5.73

B*D*E*F -5.57

D*E*F*J 5.48

D*I 5.44

Table A.7: The main e�ects and a portion of the largest e�ect sizes included in

SSS_Flock model for the response variable Repeated Squares.
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A.1.7 SSS_FLOCK Score Model Terms

Main E�ects E�ect Size Interactions E�ect Size

FLEE_TIME (A) 194.39 A*E*F*I 144.63

DEATH_TIME (B) 79.46 A*D*G*I*J -126.66

FRUIT_TIME (C) 30.52 D*I 119.98

FLOCK_SEP (D) 52.56 D*G*J 118.58

FLOCK_ALI (E) 12.05 E*F -116.43

FLOCK_COH (F) 12.05 D*E*F*I -116.38

FLOCK_HUNGER (G) 69.31 E*F*G*I -116.08

SSS_PERCEIVED_FRUIT (H) 0.86 B*D*E*F*I*J -108.71

PAC_VIS_LEN (I) 242.68 I*J -107.21

GH_VIS_LEN (J) -304.10 D*G*I*J 98.84

D*E*F*J 96.39

E*J -93.41

F*J -93.41

A*E*G -93.27

A*F*G -93.27

A*E*G*J -91.46

A*F*G*J -91.46

A*D*E*F*G*I 91.24

A*E*F*J 89.27

B*D*E -87.52

B*D*F -87.52

B*E*F*G*J 86.06

Table A.8: The main e�ects and a portion of the largest e�ect sizes included in

SSS_Flock model for the response variable Score.
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A.1.8 SSS_FLOCK Steps Model Terms

Main E�ects E�ect Size Interactions E�ect Size

FLEE_TIME (A) 22.87 A*E*F*I 23.08

DEATH_TIME (B) 13.01 D*G*J 22.17

FRUIT_TIME (C) -0.46 B*D*E*F*I*J -21.79

FLOCK_SEP (D) 4.15 I*J -20.86

FLOCK_ALI (E) 2.64 D*G*I*J 20.26

FLOCK_COH (F) 2.64 D*E*F*I -18.63

FLOCK_HUNGER (G) 15.65 E*J -17.86

SSS_PERCEIVED_FRUIT (H) -1.49 F*J -17.86

PAC_VIS_LEN (I) 35.38 A*D*G*I*J -17.81

GH_VIS_LEN (J) -48.58 D*I 17.56

A*E*F*J 17.43

B*J -16.78

B*D*I*J 16.74

E*F*G*I -15.97

D*E*F*J 15.43

E*F -14.40

A*B*D*E*F -14.23

G*I*J 13.72

B*D*E*F -13.30

B*D*E -13.22

B*D*F -13.22

A*B*D*E*F*G 13.04

Table A.9: The main e�ects and a portion of the largest e�ect sizes included in

SSS_Flock model for the response variable Steps.
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A.1.9 SSS_FLOCK Tokens Collected Model Terms

Main E�ects E�ect Size Interactions E�ect Size

FLEE_TIME (A) 14.99 A*E*F*I 12.19

DEATH_TIME (B) 8.26 D*I 11.81

FRUIT_TIME (C) -0.32 E*F*G*I -11.66

FLOCK_SEP (D) 0.92 A*D*G*I*J -11.56

FLOCK_ALI (E) 2.43 D*E*F*I -10.95

FLOCK_COH (F) 2.43 I*J -10.83

FLOCK_HUNGER (G) 8.15 D*G*I*J 10.55

SSS_PERCEIVED_FRUIT (H) -0.69 B*D*E*F*I*J -10.52

PAC_VIS_LEN (I) 23.61 E*F -10.20

GH_VIS_LEN (J) -27.75 E*J -9.67

F*J -9.67

D*E*F*J 9.66

D*G*J 9.50

A*E*F*J 9.36

G*I*J 8.20

A*B*D*E*F*G 8.04

A*E*F*I*J 8.01

B*D*E -7.85

B*D*F -7.85

A*E*G*J -7.75

A*F*G*J -7.75

B*J -7.72

Table A.10: The main e�ects and a portion of the largest e�ect sizes included in

SSS_Flock model for the response variable Tokens collected.
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A.2 SSS_GW Factor E�ects

This section provides a detailed view of the statistically signi�cant terms included

in each SSS_FLOCK response variable model. The �rst table, Table A.11 presents

the size of the con�dence intervals for each response variable. If the absolute value

of the regression coe�cient is below these value it was not statistically signi�cant.

The models used a 95% con�dence interval or α = 0.05 to test statistically signi�cant

values. Each section provides a table that presents the statically signi�cant main

e�ects and 2-factor interactions and their e�ect sizes.

Response Statistical Signi�cant E�ect Size

Score 5.21
Steps 0.79

Levels Complete 0.003
Close Calls 0.87
Fruit Created 0.01
Fruit Eaten 0.004
Ghosts Eaten 0.01

Power-Pellets Collected 0.01
Tokens Collected 0.42
Repeated Squares 0.40

Table A.11: SSS_GW Con�dence Intervals value
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A.2.1 SSS_GW Close Calls Model Terms

Main E�ects E�ect Size 2-Factor Interactions E�ect Size

GW_TOKEN (A) * A*D 1.81

GW_PP (B) * A*F 1.17

GW_FT (C) -1.33 A*G 1.41

GW_PAC (D) 1.86 B*D 1.21

GW_PAC_DIR (E) 4.99 B*G -2.29

GW_AWAY_GH (F) -13.74 B*H 1.86

GW_TO_GH (G) -3.76 B*I 3.89

FLEE_TIME (H) -6.04 B*J -3.27

DEATH_TIME (I) 4.23 C*D -1.06

GH_VIS_LEN (J) 20.96 C*I -1.47

D*E -0.94

E*J -2.30

F*I -2.50

F*J -5.10

G*H -1.88

G*I -1.84

H*I 3.80

I*J 4.04

Table A.12: The statistically signi�cant Main E�ects for SSS_GW Close Calls. Ef-

fects marked with * are not statistically signi�cant but are included because their

term interacts in a statistically signi�cant way with another factor.
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A.2.2 SSS_GW Fruits Eaten Model Terms

Main E�ects E�ect Size 2-Factor Interactions E�ect Size

GW_TOKEN (A) * A*H 0.00

GW_PP (B) * B*E 0.00

GW_FT (C) * B*F 0.00

GW_PAC (D) * B*G -0.01

GW_PAC_DIR (E) 0.00 B*H -0.01

GW_AWAY_GH (F) -0.01 C*D 0.00

GW_TO_GH (G) -0.01 C*G 0.00

FLEE_TIME (H) 0.01 D*G 0.00

DEATH_TIME (I) 0.01 E*J 0.00

GH_VIS_LEN (J) -0.05 F*G 0.01

F*H 0.00

F*I -0.01

G*H -0.01

I*J -0.01

Table A.13: The statistically signi�cant Main E�ects for SSS_GW Fruit Eaten. Ef-

fects marked with * are not statistically signi�cant but are included because their

term interacts in a statistically signi�cant way with another factor.
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A.2.3 SSS_GW Ghosts Eaten Model Terms

Main E�ects E�ect Size 2-Factor Interactions E�ect Size

GW_TOKEN (A) -0.04 B*E 0.02

GW_PP (B) -0.02 B*F -0.08

GW_FT (C) * B*G -0.09

GW_PAC (D) -0.11 B*H -0.03

GW_PAC_DIR (E) -0.08 B*I 0.04

GW_AWAY_GH (F) -0.31 B*J 0.03

GW_TO_GH (G) -0.12 D*E 0.02

FLEE_TIME (H) 0.18 D*F -0.01

DEATH_TIME (I) -0.03 D*G 0.05

GH_VIS_LEN (J) 0.58 D*H 0.02

D*I -0.01

D*J -0.05

E*G 0.02

E*H -0.03

E*J -0.01

F*G -0.06

F*H -0.05

F*I 0.05

F*J -0.16

G*H -0.02

G*I -0.02

H*J -0.17

I*J -0.05

Table A.14: The statistically signi�cant Main E�ects for SSS_GW Ghosts Eaten.

E�ects marked with * are not statistically signi�cant but are included because their

term interacts in a statistically signi�cant way with another factor.
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A.2.4 SSS_GW Levels Completed Model Terms

Main E�ects E�ect Size 2-Factor Interactions E�ect Size

GW_TOKEN (A) 0.008 A*B 0.007

GW_PP (B) 0.01 A*D 0.005

GW_FT (C) * A*F 0.004

GW_PAC (D) 0.004 A*G 0.003

GW_PAC_DIR (E) * B*D 0.006

GW_AWAY_GH (F) -0.03 B*F 0.006

GW_TO_GH (G) -0.01 B*G -0.005

FLEE_TIME (H) 0.02 B*I 0.004

DEATH_TIME (I) 0.02 B*J -0.011

GH_VIS_LEN (J) -0.04 C*D -0.005

C*F -0.004

C*G -0.004

C*I -0.004

D*G 0.004

D*H 0.005

D*I 0.004

D*J 0.003

E*J -0.007

F*I -0.005

F*J -0.004

G*H -0.006

G*I -0.013

G*J 0.007

H*I 0.012

Table A.15: The statistically signi�cant Main E�ects for SSS_GW Levels Completed.

E�ects marked with * are not statistically signi�cant but are included because their

term interacts in a statistically signi�cant way with another factor.
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A.2.5 SSS_GW Power-Pellets Collected Model Terms

Main E�ects E�ect Size 2-Factor Interactions E�ect Size

GW_TOKEN (A) -0.02 A*B 0.02

GW_PP (B) 0.03 A*D 0.01

GW_FT (C) * A*F 0.02

GW_PAC (D) * A*G 0.01

GW_PAC_DIR (E) 0.01 A*H -0.01

GW_AWAY_GH (F) -0.13 B*D 0.01

GW_TO_GH (G) -0.05 B*G -0.02

FLEE_TIME (H) 0.11 B*I 0.02

DEATH_TIME (I) 0.10 B*J -0.06

GH_VIS_LEN (J) -0.18 C*D -0.01

C*G -0.01

C*I -0.01

D*G 0.01

E*I -0.01

E*J -0.02

F*J -0.01

G*H -0.02

G*I -0.04

G*J 0.02

H*I 0.01

I*J 0.03

Table A.16: The statistically signi�cant Main E�ects for SSS_GW Power-Pellets

Collected. E�ects marked with * are not statistically signi�cant but are included

because their term interacts in a statistically signi�cant way with another factor.
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A.2.6 SSS_GW Repeated Squares Model Terms

Main E�ects E�ect Size 2-Factor Interactions E�ect Size

GW_TOKEN (A) * A*B 0.72

GW_PP (B) 1.85 A*D 0.72

GW_FT (C) -0.60 A*G 0.87

GW_PAC (D) * A*J -0.50

GW_PAC_DIR (E) 0.41 B*D 0.69

GW_AWAY_GH (F) -3.13 B*G -0.94

GW_TO_GH (G) -1.14 B*I 1.16

FLEE_TIME (H) 3.58 B*J -2.90

DEATH_TIME (I) 3.49 C*D -0.48

GH_VIS_LEN (J) -9.43 C*I -0.77

D*G 0.90

E*J -1.21

F*I -0.56

F*J -1.05

G*H -1.09

G*I -1.06

H*I 1.58

Table A.17: The statistically signi�cant Main E�ects for SSS_GW Repeated Squares.

E�ects marked with * are not statistically signi�cant but are included because their

term interacts in a statistically signi�cant way with another factor.
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A.2.7 SSS_GW Score Model Terms

Main E�ects E�ect Size 2-Factor Interactions E�ect Size

GW_TOKEN (A) -12.84 A*B 8.09

GW_PP (B) 13.47 A*D 7.32

GW_FT (C) * A*F 5.91

GW_PAC (D) -7.67 A*G 5.80

GW_PAC_DIR (E) -6.59 B*D 6.70

GW_AWAY_GH (F) -78.11 B*G -19.02

GW_TO_GH (G) -29.70 B*H -7.93

FLEE_TIME (H) 55.57 B*I 12.48

DEATH_TIME (I) 31.55 B*J -17.74

GH_VIS_LEN (J) -20.78 C*D -7.16

C*G -5.48

C*I -7.81

D*G 12.92

D*H 7.31

E*J -13.36

F*H -8.87

F*J -20.35

G*H -15.00

G*I -21.15

G*J 8.84

H*I 15.80

H*J -16.42

Table A.18: The statistically signi�cant Main E�ects for SSS_GW Score. E�ects

marked with * are not statistically signi�cant but are included because their term

interacts in a statistically signi�cant way with another factor.



272

A.2.8 SSS_GW Steps Model Terms

Main E�ects E�ect Size 2-Factor Interactions E�ect Size

GW_TOKEN (A) * A*B 1.51

GW_PP (B) 3.86 A*D 1.43

GW_FT (C) -0.82 A*F 0.95

GW_PAC (D) * A*G 1.48

GW_PAC_DIR (E) * B*D 1.22

GW_AWAY_GH (F) -8.24 B*G -1.74

GW_TO_GH (G) -2.65 B*I 2.21

FLEE_TIME (H) 8.22 B*J -5.87

DEATH_TIME (I) 7.59 C*D -1.01

GH_VIS_LEN (J) -18.98 C*I -1.57

D*G 1.69

E*I -0.87

E*J -2.40

F*I -0.84

F*J -1.46

G*H -2.28

G*I -2.84

G*J 0.86

H*I 3.07

I*J 1.10

Table A.19: The statistically signi�cant Main E�ects for SSS_GW Steps. E�ects

marked with * are not statistically signi�cant but are included because their term

interacts in a statistically signi�cant way with another factor.
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A.2.9 SSS_GW Tokens Collected Model Terms

Main E�ects E�ect Size 2-Factor Interactions E�ect Size

GW_TOKEN (A) -0.84 A*B 0.76

GW_PP (B) 1.98 A*D 0.69

GW_FT (C) * A*F 0.65

GW_PAC (D) * A*G 0.59

GW_PAC_DIR (E) * B*D 0.50

GW_AWAY_GH (F) -4.98 B*F 0.44

GW_TO_GH (G) -1.46 B*G -0.76

FLEE_TIME (H) 4.52 B*H -0.43

DEATH_TIME (I) 4.00 B*I 1.02

GH_VIS_LEN (J) -9.36 B*J -2.90

C*D -0.51

C*G -0.44

C*I -0.78

D*G 0.77

E*I -0.49

E*J -1.16

G*H -1.16

G*I -1.73

G*J 1.09

H*I 1.47

I*J 0.72

Table A.20: The statistically signi�cant Main E�ects for SSS_GW Tokens Collected.

E�ects marked with * are not statistically signi�cant but are included because their

term interacts in a statistically signi�cant way with another factor.
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A.3 PW_FLOCK Factor E�ects

This section illustrates the values calculated for the con�dence intervals for the

PW_FLOCK models. The models used a 95% con�dence interval or α = 0.05 to

test statistically signi�cant values.

Response Statistical Signi�cant E�ect Size

Score 1.69
Steps 0.39

Levels Complete 0.001
Close Calls 0.29
Fruit Created 0.006
Fruit Eaten 0.0017
Ghosts Eaten 0.003

Power-Pellets Collected 0.004
Tokens Collected 0.15
Repeated Squares 0.28

Table A.21: PW_FLOCK Con�dence Intervals value

A.4 PW_GW Factor E�ects

This section illustrates the values calculated for the con�dence intervals for the

PW_FLOCK models. The models used a 95% con�dence interval or α = 0.05 to

test statistically signi�cant values.

Response Statistical Signi�cant E�ect Size

Score 0.41
Steps 0.14

Levels Complete 0.0002
Close Calls 0.125
Fruit Created 0.0023
Fruit Eaten 0.0006
Ghosts Eaten 0.0014

Power-Pellets Collected 0.001
Tokens Collected 0.03
Repeated Squares 0.12

Table A.22: PW_GW Response variables Con�dence Intervals values.
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Appendix B

Model Error

This Appendix section presents the results of the lack-of-�t test and the residual and

pure error terms for the each model. Each table presents the results for all separated

game sessions for a single response variable. Information presented in tables are

displayed in the following format: the GameID, the separated factor, the sum of

squares Lack of Fit score (SSLOF), the sum of squares Residual Error(SSRE), the

sum of squares Pure Error(SSPE), the f-value and the p-value.

B.1 SSS_FLOCK Model Error

The separated factor for the SSS_FLOCK algorithm is the frequency of the fruit

creation (FRUIT_FREQ). The GameID indicates whether a factor used a high or

low level for the experimental run. In this case GameID 0 indicates low level value

was used while GameID 1 indicates a high level value was used in the experiment.

GameID SSLOF SSRE SSPE F-Value P-Value

0 1814721 21515666 19700944 0.21 1
1 2600082 23060107 20460026 0.29 1

Table B.1: Model Error and Lack of Fit Results for algorithm SSS_FLOCK and
response variable Close Calls (CC).

GameID SSLOF SSRE SSPE F-Value P-Value

0 113.77 792.44 678.66 0.38 1
1 276.26 2336.93 2060.66 0.31 1

Table B.2: Model Error and Lack of Fit Results for algorithm SSS_FLOCK and
response variable the number of fruit eaten (FE).
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GameID SSLOF SSRE SSPE F-Value P-Value

0 613.80 9348.46 8734.67 0.16 1
1 848.40 8622.40 7774.00 0.25 1

Table B.3: Model Error and Lack of Fit Results for algorithm SSS_FLOCK and
response variable the number of fruit eaten (FE).

GameID SSLOF SSRE SSPE F-Value P-Value

0 78.86 912.86 834 0.22 1
1 106.74 1006.75 900 0.27 1

Table B.4: Model Error and Lack of Fit Results for algorithm SSS_FLOCK and
response variable the number of levels completed (LVL_COMP).

GameID SSLOF SSRE SSPE F-Value P-Value

0 1033.73 12496.4 11462.67 0.21 1
1 1392.92 12970.3 11577.33 0.28 1

Table B.5: Model Error and Lack of Fit Results for algorithm SSS_FLOCK and
response variable the number of power-pellets eaten(PP).

GameID SSLOF SSRE SSPE F-Value P-Value

0 988545.74 11551580 10563034.62 0.21 1
1 1143948.26 12037831 10893883.06 0.24 1

Table B.6: Model Error and Lack of Fit Results for algorithm SSS_FLOCK and
response variable the number of repeated squares (RSQ).

GameID SSLOF SSRE SSPE F-Value P-Value

0 177835365.59 2162864245 1985028878.92 0.20 1
1 255245093.24 2504227491 2248982397.75 0.26 1

Table B.7: Model Error and Lack of Fit Results for algorithm SSS_FLOCK and
response variable the player's score (Sc).

GameID SSLOF SSRE SSPE F-Value P-Value

0 4681461.58 57523688 52842226.24 0.20 1
1 5838768.61 59039345 53200576.62 0.25 1

Table B.8: Model Error and Lack of Fit Results for algorithm SSS_FLOCK and
response variable the player's score (St).

GameID SSLOF SSRE SSPE F-Value P-Value

0 1512354.35 18324393 16812039.03 0.21 1
1 1936172.67 18969312 17033139.05 0.26 1

Table B.9: Model Error and Lack of Fit Results for algorithm SSS_FLOCK and
response variable the number of tokens collected (TO).
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B.2 SSS_GW Model Error

The four separated factors for the SSS_GW algorithm are: the perceived value of the

fruit (SSS_PERCEIVED_FRUIT), the frequency of the fruit creation (FRUIT_FREQ),

the time the fruit was available on screen (FRUIT_TIME) and �nally the range of

Pac-Man's vision (PAC_VIS_LEN). The GameID indicates whether a factor used a

high or low level for the experimental run. As an example, GameID 5 would convert

to 0101 in binary, indicating that factors 1 and 3 used low values represented by 0,

while 2 and 4 used high values indicated by a value of 1.

GameID SSLOF SSRE SSPE F-Value P-Value

0 5139897.74 32809474 27669575.97 0.42 1
1 5162482.66 31911121 26748638.75 0.44 1
2 4496450.89 33691388 29194936.62 0.35 1
3 4435268.54 33034938 28599669.076 0.35 1
4 7074655.49 41155052 34080396.096 0.47 1
5 6808527.68 39557849 32749321.58 0.48 1
6 6721028.18 39229836 32508807.43 0.47 1
7 6111007.23 37505412 31394404.65 0.44 1
8 3458452.86 29517950 26059497.01 0.30 1
9 3561765.86 30233351 26671585.62 0.30 1
10 4137606.82 28834309 24696702.26 0.38 1
11 4315342.06 29219810 24904468.14 0.40 1
12 4963847.08 35642828 30678981.31 0.37 1
13 4868573.30 34937354 30068780.7450 0.37 1
14 4966175.46 30723939 25757763.9084 0.44 1
15 4814670.55 30020742 25206071.1000 0.44 1

Table B.10: Model Error and Lack of Fit Results for algorithm SSS_GW and response
variable Close Calls (CC).
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GameID SSLOF SSRE SSPE F-Value P-Value

0 36.14 239.48 203.33 0.41 1
1 41.46 276.13 234.67 0.40 1
2 70.56 461.23 390.67 0.41 1
3 81.43 546.09 464.67 0.40 1
4 171.09 921.75 750.67 0.52 1
5 194.04 1022.04 828.00 0.54 1
6 261.59 1416.26 1154.67 0.52 1
7 305.87 1652.53 1346.67 0.52 1
8 40.64 303.31 262.67 0.35 1
9 44.44 355.78 311.33 0.33 1
10 69.44 498.10 428.67 0.37 1
11 79.79 550.45 470.67 0.39 1
12 154.75 926.08 771.34 0.46 1
13 165.41 1028.74 863.34 0.44 1
14 285.30 1519.96 1234.67 0.53 1
15 311.55 1729.55 1418.00 0.50 1

Table B.11: Model Error and Lack of Fit Results for algorithm SSS_GW and response
variable number of fruit eaten (FE).

GameID SSLOF SSRE SSPE F-Value P-Value

0 1302.14 11066.1 9764.00 0.30 1
1 1275.41 10828.8 9553.33 0.30 1
2 1453.06 11315.1 9861.99 0.33 1
3 1396.52 11529.9 10133.33 0.31 1
4 2004.42 10579.8 8575.33 0.53 1
5 2005.82 10418.5 8412.66 0.54 1
6 1974.15 12034.2 10059.99 0.44 1
7 1979.19 11793.2 9813.99 0.46 1
8 1573.26 11475.9 9902.66 0.36 1
9 1516.32 11359.0 9842.66 0.35 1
10 1677.90 11603.2 9925.33 0.38 1
11 1754.02 11520.7 9766.66 0.41 1
12 2115.69 14845.0 12729.33 0.37 1
13 1909.46 14431.5 12522.00 0.34 1
14 1833.63 12889.0 11055.33 0.37 1
15 1864.43 12658.4 10793.99 0.39 1

Table B.12: Model Error and Lack of Fit Results for algorithm SSS_GW and response
variable number of ghosts eaten (GH).
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GameID SSLOF SSRE SSPE F-Value P-Value

0 64.77 422.10 357.33 0.41 1
1 69.24 426.58 357.33 0.44 1
2 80.70 477.36 396.66 0.46 1
3 75.70 457.70 382.00 0.45 1
4 86.72 488.06 401.33 0.49 1
5 85.51 479.51 394.00 0.49 1
6 83.86 467.19 383.33 0.50 1
7 75.80 437.81 362.00 0.47 1
8 60.35 431.02 370.66 0.37 1
9 61.04 439.70 378.66 0.36 1
10 72.72 472.72 400.00 0.41 1
11 78.37 474.37 396.00 0.45 1
12 81.38 493.38 412.00 0.45 1
13 75.01 494.34 419.33 0.40 1
14 77.91 445.24 367.33 0.48 1
15 75.51 414.18 338.66 0.50 1

Table B.13: Model Error and Lack of Fit Results for algorithm SSS_GW and response
variable levels completed (LVL_COMP).

GameID SSLOF SSRE SSPE F-Value P-Value

0 755.86 5354.53 4598.66 0.37 1
1 787.90 5345.90 4558.00 0.39 1
2 925.74 5833.08 4907.33 0.43 1
3 835.53 5658.21 4822.66 0.39 1
4 1053.99 5863.33 4809.33 0.50 1
5 1023.27 5726.61 4703.33 0.49 1
6 970.77 5634.78 4664.00 0.47 1
7 906.30 5413.64 4507.33 0.45 1
8 686.75 5474.76 4788.00 0.32 1
9 689.76 5545.10 4855.33 0.32 1
10 864.76 5663.43 4798.66 0.41 1
11 890.28 5606.28 4716.00 0.43 1
12 988.40 6665.07 5676.66 0.39 1
13 945.83 6505.84 5560.00 0.38 1
14 870.73 5454.74 4584.00 0.43 1
15 838.98 5136.98 4297.99 0.44 1

Table B.14: Model Error and Lack of Fit Results for algorithm SSS_GW and response
variable number of power-pellets collected (PP).
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GameID SSLOF SSRE SSPE F-Value P-Value

0 887877.89 7173890 6286011.70 0.32 1
1 896728.94 7142870 6246141.33 0.32 1
2 1079141.10 7692743 6613601.63 0.37 1
3 1091616.22 7655808 6564191.86 0.38 1
4 1386154.47 8261387 6875232.53 0.46 1
5 1365221.92 7960347 6595125.03 0.47 1
6 1433994.04 8230351 6796356.50 0.48 1
7 1392054.81 7904170 6512115.36 0.48 1
8 792089.17 6323164 5531074.81 0.32 1
9 827151.28 6465292 5638140.81 0.33 1
10 979103.29 6530968 5551864.91 0.40 1
11 990976.13 6370626 5379649.96 0.42 1
12 1056547.23 7386059 6329511.41 0.38 1
13 1040837.32 7200228 6159390.54 0.38 1
14 1129797.81 6825617 5695819.66 0.45 1
15 1104286.99 6602094 5497806.76 0.45 1

Table B.15: Model Error and Lack of Fit Results for algorithm SSS_GW and response
variable the number of repeated squares (RSQ).

GameID SSLOF SSRE SSPE F-Value P-Value

0 151728361.89 1046972253 895243891.26 0.38 1
1 158747180.06 1048942737 890195557.04 0.40 1
2 190373290.05 1171455663 981082372.51 0.44 1
3 170163363.10 1151157454 980994091.38 0.39 1
4 216552776.05 1192252185 975699409.16 0.50 1
5 212869299.04 1176690044 963820745.10 0.50 1
6 222620836.49 1262139005 1039518168.38 0.48 1
7 211677133.33 1229109899 1017432765.94 0.47 1
8 142003417.64 1091429582 949426163.87 0.34 1
9 146302461.76 1114516309 968213847.28 0.34 1
10 169387405.45 1143582873 974195467.46 0.39 1
11 182334550.63 1137611884 955277332.99 0.43 1
12 218062860.42 1474067813 1256004952.07 0.39 1
13 204951291.04 1447334895 1242383604.08 0.37 1
14 208192327.80 1286210993 1078018664.80 0.44 1
15 195944111.45 1215233074 1019288962.14 0.43 1

Table B.16: Model Error and Lack of Fit Results for algorithm SSS_GW and response
variable player's score (Sc).
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GameID SSLOF SSRE SSPE F-Value P-Value

0 3502776.90 26917232 23414455.52 0.34 1
1 3638341.61 26773066 23134724.77 0.35 1
2 4233108.63 28928507 24695398.48 0.39 1
3 3939135.38 28101483 24162347.46 0.37 1
4 4944868.40 29706998 24762129.99 0.45 1
5 4918815.73 28908736 23989920.08 0.46 1
6 4933101.09 28790278 23857176.88 0.47 1
7 4578868.48 27308652 22729783.74 0.46 1
8 3099907.87 25665106 22565197.69 0.31 1
9 3150211.33 26214127 23063915.40 0.31 1
10 4031275.20 26556554 22525278.94 0.40 1
11 4209986.19 26221447 22011460.93 0.43 1
12 4475710.45 31744069 27268358.75 0.37 1
13 4381520.99 31069720 26688199.09 0.37 1
14 4420155.79 27172988 22752831.84 0.44 1
15 4176477.64 25496758 21320280.56 0.44 1

Table B.17: Model Error and Lack of Fit Results for algorithm SSS_GW and response
variable number of steps (St).

GameID SSLOF SSRE SSPE F-Value P-Value

0 1050854.47 7283667 6232812.89 0.38 1
1 1096403.77 7223303 6126899.41 0.40 1
2 1225914.44 7947792 6721877.74 0.41 1
3 1092003.90 7565352 6473348.24 0.38 1
4 1389906.66 7994863 6604955.93 0.48 1
5 1364659.43 7841928 6477268.78 0.48 1
6 1288196.67 7431407 6143209.93 0.47 1
7 1169026.03 7052466 5883440.03 0.45 1
8 919549.55 7359691 6440141.02 0.32 1
9 935858.03 7514456 6578598.36 0.32 1
10 1185911.01 7629175 6443263.92 0.42 1
11 1244553.65 7552756 6308202.55 0.45 1
12 1367296.91 9271345 7904048.28 0.39 1
13 1343819.32 9114256 7770437.06 0.39 1
14 1250179.20 7584069 6333890.26 0.45 1
15 1169860.57 7011349 5841488.26 0.45 1

Table B.18: Model Error and Lack of Fit Results for algorithm SSS_GW and response
variable number of tokens collected (TO).
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B.3 PW_FLOCK Model Error

This Appendix section presents a condensed form of the results of the lack-of-�t test,

the residual and pure error terms for the each model. Due to the large number of game

sessions and response variables we condensed the results. The results demonstrate the

interval to which all of the model's F-Values occur within for each response variable.

In addition, we display the P-Value indicating whether the lack-of-�t was signi�cant

(α<0.05) or non-signi�cant(α>0.05).

Responses Mean F-Value Minimum F-Value Maximum F-Value P-Value

CC 0.33 0.15 0.52 1.0
FE 0.39 0.25 0.54 1.0
GH 0.3 0.15 0.49 1.0

LVL_COMP 0.36 0.2 0.53 1.0
PP 0.33 0.19 0.48 1.0
RSQ 0.32 0.16 0.51 1.0
Sc 0.33 0.19 0.49 1.0
ST 0.31 0.14 0.51 1.0
TO 0.33 0.19 0.52 1.0

Table B.19: The F-Values for all game sessions calculated using the residual error,
pure error and lack-of-�t.

B.4 PW_GW Model Error

This Appendix section presents a condensed form of the results of the lack-of-�t test,

the residual and pure error terms for the each model. Due to the large number of game

sessions and response variables we condensed the results. The results demonstrate the

interval to which all of the model's F-Values occur within for each response variable.

In addition, we display the P-Value indicating whether the lack-of-�t was signi�cant

(α<0.05) or non-signi�cant(α>0.05).
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Responses Mean F-Value Minimum F-Value Maximum F-Value P-Value

CC 0.40 0.19 0.61 1.0

FE 0.44 0.26 0.67 1.0

GH 0.37 0.19 0.53 1.0

LVL_COMP 0.48 0.18 0.67 1.0

PP 0.39 0.15 0.62 1.0

RSQ 0.42 0.19 0.64 1.0

Sc 0.42 0.21 0.62 1.0

ST 0.41 0.2 0.6 1.0

TO 0.40 0.17 0.65 1.0

Table B.20: Model Error and Lack of Fit Results for algorithm PW_GW and response

variable close calls (C). Part 1



284

Appendix C

Proof of Concept Statistics

The tables presented in this Appendix demonstrate the mean performance for all

response variables over the game session selected for use in the adaptive game system

prototype. Each table is composed of 3 rows indicating, each row presents the mean

results for that life.

C.1 SSS_FLOCK Mean Performance Per Life

The SSS_FLOCK algorithm used the game session 0, indicating that none of the

factors used a high level value.

ALGO_ID LIFE SCORE nSteps nLevCom nCC FC

7 0 748.6 138.5 0.07 43.5 1.59
7 1 609.3 118.1 0.26 50.4 1.30
7 2 571.7 111.6 0.3 50.2 1.18

Table C.1: The mean performance of the SSS_FLOCK for each life over the experi-
ment.

ALGO_ID LIFE FE GE PPE TOKE RepStep

7 0 0.24 1.35 2.87 100.61 35.00
7 1 0.22 0.88 1.64 66.78 49.71
7 2 0.20 0.72 1.35 56.96 53.32

Table C.2: The mean performance of the SSS_FLOCK for each life over the experi-
ment.
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C.2 SSS_GW Mean Performance Per Life

The SSS_GW algorithm used in the adaptive game session included all factors at

their low level except for fruit time.

ALGO_ID LIFE SCORE nSteps nLevCom nCC FC

6 0 590.15 91.78 0.01 36.25 0.90
6 1 446.53 86.95 0.06 55.27 0.83
6 2 400.80 80.76 0.15 66.42 0.74

Table C.3: The mean performance of the SSS_GW for each life over the experiment.

ALGO_ID LIFE FE GE PPE TOKE RepStep

6 0 0.2 1.95 2.04 71.00 18.74
6 1 0.1 1.32 1.26 50.83 34.86
6 2 0.1 1.08 0.88 37.26 42.63

Table C.4: The mean performance of the SSS_GW for each life over the experiment.

C.3 PW_FLOCK Mean Performance Per Life

The PW_FLOCK algorithm used in the adaptive game session included all factors

at their low level except for PW_BAD_GHOST.

ALGO_ID LIFE SCORE nSteps nLevCom nCC FC

1 0 548.74 113.22 0.01 25.28 1.23
1 1 349.31 95.44 0.08 37.05 0.98
1 2 312.72 98.35 0.15 40.20 1.03

Table C.5: The mean performance of the PW_FLOCK for each life over the experi-
ment.

ALGO_ID LIFE FE GE PPE TOKE RepStep

1 0 0.12 0.79 2.20 83.16 27.85

1 1 0.13 0.43 1.16 44.96 49.33

1 2 0.15 0.31 0.83 33.31 64.21

Table C.6: The mean performance of the PW_FLOCK for each life over the experi-

ment.
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C.4 PW_GW Mean Performance Per Life

The PW_GW algorithm used in the adaptive game session included all factors at

their low level except for PW_BAD_GHOST.

ALGO_ID LIFE SCORE nSteps nLevCom nCC FC

0 0 495.4 91.8 0.00 30.4 0.91
0 1 313.9 81.8 0.02 45.5 0.77
0 2 222.2 91.5 0.04 45.0 0.95

Table C.7: The mean performance of the PW_GW for each life over the experiment.

ALGO_ID LIFE FE GE PPE TOKE RepStep

0 0 0.1 1.1 1.8 70.2 19.8
0 1 0.1 0.8 1.0 38.3 42.5
0 2 0.2 0.5 0.6 21.9 69.0

Table C.8: The mean performance of the PW_GW for each life over the experiment.
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Appendix D

Regression Equations (Prototype)

The regression equations where utilized in the adaptive game system prototype as the

heuristics for two cases: PW_FLOCK and PW_GW algorithms. These regression

equations where used to calculate the expected value of the response variables, number

of steps and score respectively.

D.1 PW_FLOCK Regression Equation

The regression equation for estimating the number of steps for the PW_FLOCK

algorithm adaptive game session including three separate equations, one for each

Pac-Man life. Presented in the Table D.1 are the coe�cients for each performance

measures used during each life.

LIFE Coe�cient Score nLevCom nCC FE GE PPE

0 10.1 0.18 -96.4 0.5 -5.7 -18.9 25.1
1 3.6 0.36 -184 0.3 -19.0 -40.7 -6.6
2 62.7 0.3 -157 0.2 -7.1 -37.3 0.5

Table D.1: The regression equation coe�cients to estimate the steps of the
PW_FLOCK algorithm in the adaptive game system prototype.

D.2 PW_GW Regression Equation

The regression equation for estimating the score for the PW_GW algorithm adap-

tive game session included one equation for the entire life. The coe�cients for the

regression equations are listed for each performance measure.
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Coe�cient Step nLevCom nCC GE PP RSQ

31.6 31.6 574 -0.02 101 17.3 -3.4

Table D.2: The regression equation coe�cients to estimate the score of the PW_GW

algorithm in the adaptive game system prototype.
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Appendix E

Response Variables Descriptive Statistics

Within this Appendix we present descriptive statistics of the response variables over

each algorithm. This information was used to select target ranges for adaptive game

and helped build the heuristics.

E.1 SSS_FLOCK Descriptive Statistics

This Appendix presents some descriptive statistics over all games played with the

SSS_FLOCK algorithm.

SSS_FLOCK SCORE nSteps nLevCom nCC FC

Mean 1929.6 368.2 0.7 144.2 4.1
StDev 1017.0 161.1 0.7 104.6 3.2
Min 385 82 0 5 0
Max 6655 994 3 729 19
Range 6270 912 3 724 19

Sample Size 6144 6144 6144 6144 6144

Table E.1: SSS_FLOCK Response Variables Descriptive Statistics

SSS_FLOCK FE GE PPE TOKE RepStep

Mean 0.7 3.0 5.9 224.4 138.0
StDev 0.9 2.0 2.4 91.5 72.3
Min 0 0 1 70 3
Max 7 13 16 609 453
Range 7 13 15 539 450

Sample Size 6144 6144 6144 6144 6144

Table E.2: SSS_FLOCK Response Variables Descriptive Statistics
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E.2 SSS_GW Descriptive Statistics

This Appendix presents some descriptive statistics over all games played with the

SSS_GW algorithm.

SSS_FLOCK SCORE nSteps nLevCom nCC FC

Mean 1437.5 259.5 0.2 158.0 2.5
StDev 704.1 108.7 0.4 120.2 2.2
Min 300 58 0 4 0
Max 7255 993 3 1092 19
Range 6955 935 3 1088 19

Sample Size 49152 49152 49152 49152 49152

Table E.3: SSS_GW Response Variables Descriptive Statistics

SSS_FLOCK FE GE PPE TOKE RepStep

Mean 0.3 4.4 4.2 159.1 96.2
StDev 0.6 2.3 1.5 57.1 55.2
Min 0 0 0 52 3
Max 6 19 16 598 460
Range 6 19 16 546 457

Sample Size 49152 49152 49152 49152 49152

Table E.4: SSS_GW Response Variables Descriptive Statistics

E.3 PW_FLOCK Descriptive Statistics

This Appendix presents some descriptive statistics over all games played with the

PW_FLOCK algorithm.

SSS_FLOCK SCORE nSteps nLevCom nCC FC

Mean 1210.8 307.0 0.3 102.5 3.2
StDev 674.8 158.0 0.5 111.8 2.9
Min 140 32 0 3 0
Max 5790 1050 3 1751 21
Range 5650 1018 3 1748 21

Sample Size 393216 393216 393216 393216 393216

Table E.5: PW_FLOCK Response Variables Descriptive Statistics
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SSS_FLOCK FE GE PPE TOKE RepStep

Mean 0.4 1.5 4.2 161.4 141.4
StDev 0.7 1.3 1.6 60.8 111.2
Min 0 0 0 28 0
Max 8 13 14 587 889
Range 8 13 14 559 889

Sample Size 393216 393216 393216 393216 393216

Table E.6: PW_FLOCK Response Variables Descriptive Statistics

E.4 PW_GW Descriptive Statistics

This Appendix presents some descriptive statistics over all games played with the

PW_GW algorithm.

SSS_FLOCK SCORE nSteps nLevCom nCC FC

Mean 1031.5 265.1 0.1 120.7 2.6
StDev 482.6 173.4 0.2 140.8 3.1
Min 145 34 0 0 0
Max 6190 1051 2 2061 21
Range 6045 1017 2 2061 21

Sample Size 3145728 3145728 3145728 3145728 3145728

Table E.7: PW_GW Response Variable Descriptive Statistics

SSS_FLOCK FE GE PPE TOKE RepStep

Mean 0.4 2.3 3.4 130.4 131.3

StDev 0.7 1.7 1.1 38.9 150.5

Min 0 0 0 29 0

Max 12 18 12 473 960

Range 12 18 12 444 960

Sample Size 3145728 3145728 3145728 3145728 3145728

Table E.8: PW_GW Response Variables Descriptive Statistics
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Appendix F

E�ects Descriptive Statistics

F.1 Close Calls Factor E�ects Descriptive Statistics

In Table F.1 descriptive statistics of the e�ect sizes are presents for the response

variable close calls.

N Absolute_Mean StdDev Min Max

SSS_FLOCK 2048 2.34 4.14 -31.61 38.25
SSS_GW 16384 3.08 4.49 -39.20 58.25

PW_FLOCK 131072 2.67 4.16 -49.43 51.25
PW_GW 1048576 3.49 5.20 -96.0 88.6

Table F.1: Close Calls Response Variable Descriptive Statistics

F.2 Fruit Eaten Factor E�ects Descriptive Statistics

In Table F.2 descriptive statistics of the e�ect sizes are presents for the response

variable fruit eaten.

N Absolute_Mean StdDev Min Max

SSS_FLOCK 2048 0.19 0.03 -0.25 0.37
SSS_GW 2048 0.02 0.02 -0.17 0.16

PW_FLOCK 16384 0.01 0.02 -0.36 0.57
PW_GW 1048576 0.02 0.03 -1.40 0.43

Table F.2: Fruit Eaten Response Variable Descriptive Statistics
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F.3 Ghosts Eaten Factor E�ects Descriptive Statis-

tics

In Table F.3 descriptive statistics of the e�ect sizes are presents for the response

variable ghosts eaten.

N Absolute_Mean StdDev Min Max

SSS_FLOCK 2048 0.04 0.07 -0.36 0.87
SSS_GW 16384 0.06 0.09 -0.99 1.46

PW_FLOCK 131072 0.03 0.05 -0.56 0.95
PW_GW 1048576 0.04 0.06 -0.90 1.45

Table F.3: Ghosts Eaten Response Variable Descriptive Statistics

F.4 Levels Completed Factor E�ects Descriptive Statis-

tics

In Table F.4 descriptive statistics of the e�ect sizes are presents for the response

variable levels completed.

N Absolute_Mean StdDev Min Max

SSS_FLOCK 2048 0.01 0.02 -0.18 0.17
SSS_GW 16384 0.012 0.015 -0.154 0.087

PW_FLOCK 131072 0.01 0.01 -0.22 0.22
PW_GW 1048576 0.006 0.008 -0.138 0.076

Table F.4: Levels Completed Response Variable Descriptive Statistics

F.5 Power-Pellets Collected Factor E�ects Descrip-

tive Statistics

In Table F.5 descriptive statistics of the e�ect sizes are presents for the response

variable power-pellets collected.
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N Absolute_Mean StdDev Min Max

SSS_FLOCK 2048 0.05 0.08 -0.72 0.69
SSS_GW 16384 0.04 0.056 -0.689 0.362

PW_FLOCK 131072 0.03 0.06 -0.88 1.21
PW_GW 1048576 0.02 0.04 -0.98 0.47

Table F.5: Power-Pellets Collected Response Variable Descriptive Statistics

F.6 Repeated Squares Factor E�ects Descriptive Statis-

tics

In Table F.6 descriptive statistics of the e�ect sizes are presents for the response

variable repeated squares.

N Absolute_Mean StdDev Min Max

SSS_FLOCK 2048 1.55 2.60 -20.85 18.72
SSS_GW 16384 1.41 2.02 -27.88 13.41

PW_FLOCK 131072 2.55 4.04 -57.20 60.28
PW_GW 1048576 3.52 6.11 -216.50 81.05

Table F.6: Repeated Squares Response Variable Descriptive Statistics

F.7 Score Factor E�ects Descriptive Statistics

In Table F.7 descriptive statistics of the e�ect sizes are presents for the response

variable score.

N Absolute_Mean StdDev Min Max

SSS_FLOCK 2048 22.03 36.72 -321.69 255.96
SSS_GW 16384 18.37 25.46 -268.73 178.0

PW_FLOCK 131072 15.98 25.15 -355.16 416.72
PW_GW 1048576 11.87 18.03 -489.11 287.81

Table F.7: Score Response Variable Descriptive Statistics
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F.8 Steps Factor E�ects Descriptive Statistics

In Table F.8 descriptive statistics of the e�ect sizes are presents for the response

variable steps.

N Absolute_Mean StdDev Min Max

SSS_FLOCK 2048 3.48 5.82 -49.02 36.91
SSS_GW 16384 2.79 4.01 -57.57 28.30

PW_FLOCK 131072 1.42 2.24 -32.57 41.73
PW_GW 1048576 4.04 7.03 -241.59 92.50

Table F.8: Steps Response Variable Descriptive Statistics

F.9 Tokens Collected Factor E�ects Descriptive Statis-

tics

In Table F.9 descriptive statistics of the e�ect sizes are presents for the response

variable tokens collected.

N Absolute_Mean StdDev Min Max

SSS_FLOCK 2048 2.00 3.35 -27.95 24.51
SSS_GW 16384 1.48 4.00 -57.56 28.29

PW_FLOCK 131072 1.42 2.24 -32.57 41.73
PW_GW 1048576 0.94 1.45 -43.66 16.13

Table F.9: Tokens Collected Response Variable Descriptive Statistics
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