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Abstract

Educational attainment is a subject of great importance in today’s world. The challenge to maximize

educational outcomes is now seen on a national scale. There have been many studies on the inter-

ventions and factors that can be used to improve educational attainment. Using interventions that

have proven effective in these studies, an original survey exploring the impact of these interven-

tions on educational attainment is collected and combined with census data. It is then integrated

into an agent-based model that predicts educational outcomes. Controlling for different variables,

this agent-based model gives insights into the influence of different intervention combinations.

iii



Acknowledgements

There are many people who have put in time, effort, and support to get me to where I am now. I

would first like to thank Dr. Alicia Prieto-Langarica, my thesis advisor, for taking me under her

wing and encouraging me to find something that I am passionate about. It is easy to fall into the

trap of needing to constantly achieve, but Dr. P has the gift of seeing beyond this. She taught me

the importance of being interested and excited in what you do, a lesson that she lives every day in

her unending ability to inspire.

I would also like to thank Dr. Alejandra Donaji Herrera Reyes for all of the time she spent an-

swering my endless questions. Though she is on a different continent, she was always a zoom call

away. Those weekly zoom meetings were always a bright spot in my day.

Additionally, I would like to thank the Youngstown State Mathematics and Statistics Depart-

ment. The professors here are kind, helpful, and brilliant. It has been an honor working with such

knowledgeable people.

Another thank you goes to my undergraduate professor, Dr. Gary Thompson of Grove City

College. Without his encouragement and love for mathematics, I would never have had the courage

to apply to graduate school. He was a true inspiration during my undergraduate years, and I am so

grateful for all of the difficult tests, confusing homework, and Putnam problems he challenged me

with.

Finally, I would like to thank my family and friends. It has been a long journey from start to

finish, and I have been privileged with their constant support. Truly the greatest honor in life is to

have such wonderful people surrounding you, and I am blessed beyond comparison.

iv



Table Of Contents

Page

Abstract iii

Acknowledgements iv

Introduction 1

1.1 Ohio Demographics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

Literature and Interventions 3

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2.2 The Factor of Parental Educational Attainment . . . . . . . . . . . . . . . . . . . . . . 3

2.3 Recommended Interventions from Supported Studies . . . . . . . . . . . . . . . . . . 4

2.4 Interventions in the Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.5 Demographics in the Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

Data 8

3.1 Data Collection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

3.2 Census Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

3.3 Survey Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

Methods 14

4.1 Agent-based Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

4.2 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

v



4.3 Probability and Population . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

4.4 MATLAB Code Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

4.5 White Female Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

4.6 General Population Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

Results 23

5.1 White Female Model Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

5.2 The General Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

5.3 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

Future Works 31

Bibliography 33

Appendices 35

Appendix A Survey Questions 36

Appendix B IRB Waiver Form 39

Appendix C MATLAB Code 48

C.1 White Female Educational Outcome Model . . . . . . . . . . . . . . . . . . . . . . . . 48

C.2 Running Results of White Female . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

C.3 General Educational Outcome Model . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

C.4 Generating Data and Running Educational Outcomes . . . . . . . . . . . . . . . . . . 55

vi



Introduction

Educational attainment is highly linked to the perception of success, wealth, and stability. There

are many people who believe that a higher education will lead to higher quality of life. While this

is not always true, it is undeniable that higher education is a major factor in the lives of Ameri-

cans. One problem with the current educational system is that not all students are given the same

academic opportunities. There are wide disparities in the quality of public education based on stu-

dents’ school districts. In addition, different factors – such as finances, lack of encouragement, lack

of exposure to educational options, etc. – can have great impact on a students’ ability to succeed

academically. The aim of this research is to determine some interventions that will positively affect

students and give them a strong and more equal start in their future endeavors.

In this study, the researchers constructed an agent-based model for educational attainment. Af-

ter gathering data from the United States Census Bureau and conducting their own primary survey,

the researchers were able to build this model. Considering factors of gender, race, interventions, and

parental education, the model aims to give a relatively comprehensive view of general factors that

influence students. Using probability theory to calculate the expected impact of these factors, the

model is able to take in a person with predefined attributes and predict their educational attainment

outcome. This model can then be used to compare educational outcomes between interventions.

1.1 Ohio Demographics

Unsurprisingly, the Census Bureau harbors a wealth of data regarding the educational attainment

and demographic landscapes of Ohio. According to an article from 2021 , 90.4% of Ohioans 25 or

older had received a high school diploma or GED, and 28.3% had received a Bachelor’s degree or

higher in the years 2015-2019 [12]. These statistics are slightly different from the national averages

of 2015, which showed that 88% of adults had at least a high school diploma or GED while 33%

adults had a bachelor’s or higher degree [7]. With the updated 2020 census, that national average

1



degree percentage has increased to 37.5% of adults 25 + having a bachelor’s degree or higher. This

proportion has been steadily increasing since 1940 [10]. With such an impact on America’s society

and economy, the importance of educational attainment will only continue growing along with the

proportion of people achieving higher degrees.

The data available from the Census Bureau is primarily demographic data. Though this is not

surprising, such data can only reach so far when studying the complex topic of educational attain-

ment. The demographic spread of Ohio from the 2019 data is found in the following table.

Race % Sex %

White 78.4 Female 51

African American 13.1 Male 49

American Indian 0.3

Asian 2.5

Hispanic or Latino 4.0

Other/NA 1.7

Table 1.1: 2019 Ohio Demographics taken from Census Bureau of Statistics [12]

Though the demographics will likely have an impact on educational attainment, the data begs

the question: what other factors could be important or impactful than demographic data? This

question sparked the project and led to many different considerations. The first field the researchers

wanted to address was parental education attainment, i.e. how does a parent’s educational attain-

ment level affect that of their child. Finding the data for such a question presents a challenge in

itself, though there are a few studies that have considered this field.
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Literature and Interventions

2.1 Introduction

The first step of conducting such research lies in defining the interventions to study. When consid-

ering different options, the researchers wanted to focus on interventions that have been successfully

used in some form of schooling, and also interventions that are reasonable to employ. It was im-

portant to consider the cost and effort of each intervention because these interventions need to be

possible at every public school, regardless of size and funding. For example, while a mandatory

course in how to plan for the future and take next steps would certainly be helpful, it is unrealistic

to implement state-wide in public schools. Thus, there must be a good middle ground of plausible

implementation.

2.2 The Factor of Parental Educational Attainment

A 2009 article written by Dubow, Boxer and Huesmann, used data from a 40-year longitudinal

study[2]. In this article, the authors “examine the prediction of individuals’ educational and oc-

cupational success at age 48 from contextual and personal variables assessed during their middle

childhood and late adolescence’.’

This article took data from the Columbia County Longitudinal Study. The study ranged from

1960 to 2008, starting with 856 third graders who were interviewed along with their parents. The

study followed up with subjects at ages 19, 30, and 48. Using multiple factors from the data, the

authors built a predictive cognitive-ecological model to predict educational attainment and occu-

pational attainment at age 48. Some of the specific factors considered were parental education,

parental occupation, IQ, child aggressiveness, adolescent aspirations, socioeconomic status, and

negative family interaction during childhood (parental rejection, corporal punishment, and parental

disharmony).
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Researchers controlled for household income, family models, and other demographic factors.

With their model, they discovered that “parental educational level during childhood had no direct

effects on educational level at age 48 but had significant indirect effects mediated through age 19

educational aspirations and age 19 educational level. Thus, children with more highly educated

parents developed higher aspirations for their own education and attained more education by age

19, which in turn related to higher levels of adult educational attainment” [2]. Furthermore, of all

the factors studied, parental education and subject IQ had the largest positive effects on the subjects’

educational attainment outcomes. These results lend credence to the decision to include parental

educational attainment in the model for this thesis.

Notably, the longitudinal study does not simply report the factors that influence attainment.

The paper also looks at the reasoning behind each influence. While subject IQ was deemed a direct

influence on educational attainment, parental education was found to be indirect, mostly linked to a

child’s educational aspirations, not their abilities. A positive relationship between parent and child

education exists likely because parents with higher education levels encourage achievement and

offer support when figuring out the steps to higher education. So, when considering interventions

for the study in this paper, encouraging aspirations and providing support may prove to be effective.

2.3 Recommended Interventions from Supported Studies

Some other interventions are discussed in Belfield and Levin’s 2007 article [1]. A similar discussion

can be found in Ou’s longitudinal study [6]. Both of these papers compare different intervention

studies to see which interventions appear to be most effective. The first paper finds that reduced

classroom size “demonstrably raises the high school graduation rate” [1]. Other factors in that same

study include supportive teachers, high parental involvement, and instructional improvement ef-

forts. From these possible interventions, reduced classroom size and level of parental involvement

are unfortunately too difficult to change or control when it comes to public schools. However, sup-

portive teachers is a possible intervention that could be employed.

The second paper explores some of the same interventions, but it adds that school support is

an intervention that makes a statistically significant difference in educational attainment outcomes.

School support is defined in the following passage.

Measures of school quality and school mobility were defined as school support be-

cause they were viewed as potential sources of influence on student educational attain-

ment. School quality was defined as any attendance in a magnet school from grades
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4 through 8, and an assessment of school characteristics in fifth grade. . . The other in-

dicator, school characteristics, was measured as the average percentage of low-income

families, mobility, and truancy at the school level in fifth grade... School mobility was

measured by the number of times participants changed schools between grades four and

eight. School mobility was found to predict educational attainment and mediated the

effect of an early intervention program (Temple and Reynolds, 1999). Thus it was used

as an indicator of the school support hypothesis. [6]

Though the school support intervention is mostly focused on magnet schools, there are qualities

of magnet schools that can be used as interventions at a typical public school. Magnet Schools of

America explains that magnet schools are a full-service version of the typical public school. They

focus on individually themed curricula, as well as soft skills that give a more holistic learning ex-

perience to students [4]. A key component to many magnet schools is free transportation, which

allows for more socioeconomic equality across the student population.

This transportation aspect reminded the author of her own public high school, where free trans-

portation was used as an intervention to encourage higher education. In this experience, the faculty

organized mass college visits to four different colleges. The colleges were all of different size and

type (small private, large private, state, and specialty) and each student was allowed to sign up for

one school. During a school day, the entire junior class boarded buses and went to their respective

college visits. This intervention is as attainable as any other field trip, and it allows students who

may have never had the chance to visit a college to experience that. Most college visits are sched-

uled during the work week and normal working hours, so having a guardian that is able to take

their child on a college visit is a privilege that is not available to everyone. Thus by having a school-

funded college visit, every student is given an equal opportunity. Because of this, the researchers

deemed this a worthy intervention to consider.

Another idea that can be gained from magnet schools is specialized curriculum. Though stu-

dents have to meet requirements to get their high school diploma, they are still able to tailor their

schedules in a way that is of more interest to them. Probably the highest level of specialized ed-

ucation in public schools comes in the form of college preparatory courses, which actually allow

students to experience what they may study in the future. These courses can also count towards

college credit at some institutions, lessening the amount of money students would have to spend

on tuition in the future. Furthermore, public schools can offer academic clubs that are able to go

beyond the scope of the curriculum. These clubs can range from speech and debate club to robotics
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club to agricultural club. Giving students the freedom to think outside of classroom restrictions

gives them the opportunity to get a more realistic view of their interests as well as letting them

interact with others in the community of their chosen field.

Beyond these tactical interventions lies a more abstract support system to emulate. Magnet

schools focus not only on the academics, but also on community and team building.

Through a more harmonious and healthy interaction to various cultures and socioe-

conomic backgrounds, to developing a deeper understanding of community that comes

from hands-on interaction with corporations, non-profits, cultural and academic insti-

tutions, students are exposed to a microcosm of the world at large, learning skills of

interaction, team building and cooperation. [4]

Skills that come with real life experience are difficult to parallel in a school environment, but maxi-

mizing exposure to new situations is a good start. School sports and extra-curricular activities offer

diverse interactions, team building, and experience in dealing with conflicting opinions.

Magnet schools provide great insight into lesser known interventions that might be applicable to

public schools. However, this project is not arguing for turning public schools into magnet schools.

Magnet schools tend to be extremely specialized in their curriculum which is not always the best

approach for student educational attainment. Also, as they are known for small class sizes, it would

take multiple magnet schools to take on the student population of a single public school. As far as

the American educational infrastructure goes, it makes much more sense to tweak interventions

in a public school than to convert public schools to magnet schools. The public school system in

America can provide great opportunities for students, and this research aims to find out how to

maximize those opportunities, as well as equalizing them across the student population.

2.4 Interventions in the Model

The interventions considered for the model are as follows: college preparatory courses, college

visits organized by the high school, an inspiring teacher/mentor, faculty encouragement, school

sports, academic clubs, and extra-curricular activities. Many schools already have college prepara-

tory courses, sports, clubs, and extra-curricular activities. However, they can use these as interven-

tions by intentionally encouraging more students to participate and by offering transportation to

and from these activities. Faculty encouragement and inspiring teacher/mentor are more abstract

interventions to facilitate. Schools can “implement” this by simply raising the awareness of the im-
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pact teachers make. In the survey data collected for this research, the intervention that had the

highest impact on educational attainment was an inspiring teacher/mentor (data to be discussed in

Section 3.3). Sometimes the importance of educators can get lost in the requirements and objectives

of academia. But the fact remains that teachers are more impactful than they realize, and encourag-

ing educators is an excellent way to help students [1]. Possibly the most novel intervention comes

in the form of college visits organized by the high school. This is certainly a sensible intervention, as

most public schools offer field trips for students - schools could set up field trips to nearby colleges

during a school day. It also is the least common intervention, as will be seen with the survey data

(Section 3.3). All of these interventions are accessible at most public schools, and those that are

not could be reasonably instituted. The importance of parental educational attainment will also be

recorded as an added demographic to study.

2.5 Demographics in the Model

As stated before, parental educational attainment is included in the model as one of the demo-

graphic variables. Other than that, race and gender are also included. Parental educational attain-

ment is divided into first generation (neither parent achieved a degree past high school) and not first

generation (one or both parents achieved a degree past high school). The values for gender are male

and female. The researchers decided to limit race to three values: white, black, and other. This was

decided to reflect the census data in Table 3.1. The researchers strongly considered including Asian

as a separate value for race, but due to the American perception of race, there is generally different

academic bias towards those with a western Asian background than an eastern Asian background.

Yet this bias is not recorded in the available census data, so any possible advantage that those who

identify themselves as eastern Asian may have is lost among the biases for those of western Asian

identification. The same reasoning applied to the other races recorded in the census data. Though

the individual experiences for each race are unique, academic biases tend to be similar regardless.

7



Data

3.1 Data Collection

This research combined preexisting data with original survey data. The preexisting data was ob-

tained from the United States Census Bureau [11]. Due to the recent upheaval in education, the

census data is from 2018 to ensure that the baselines are not impacted by Coronavirus. The original

data consisted of a survey. Starting in April 2021, the Youngstown State Institutional Review Board

(IRB) accepted this survey proposal with protocol number 090-21 to be viable to distribute to the

general public. The only requirement for participation was that subjects had to be 18 years or older.

Using multiple different social platforms, the researchers spread the survey, trying to target diverse

groups of Ohioans.

Due to the restrictions set by the IRB, the survey was completely voluntary and offered no re-

wards for participation. As a result, survey responses were fairly sparse, and mainly made up of

women who identified themselves as white. According to an article written by Saleh and Bista,

this population is to be expected, as women generally are more likely to answer online surveys [8].

They also found that people are much more invested in surveys that have subjects of interest to them.

Furthermore, their research discovered that, “... participants prefer completing electronic surveys

received mostly from students, colleagues and authority figures (e.g. department chair or higher)

compared to people from other organizations who they do not know personally or professionally.”

Since this survey was first distributed to as broad of an Ohio population as possible, most people

who received it were strangers who likely did not have a vested interest in the research.

After peaking at about 35 responses from months of posting, the researchers decided to send

the survey to colleagues and acquaintances in order to garner more responses. This proved fairly

successful, though it did skew the data even further towards white women as well as people with

above average educational attainment when compared to the census data. Due to Coronavirus,
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community gatherings and other group settings were not common, so the researchers were unable

to gather many responses that way. The few community gatherings they did attend added some

responses, but still not enough to make a decent sample size. Though not as much as the researchers

hoped for, the survey amassed 138 responses by the time data analysis rolled around, with 128 of

those responses without any missing data.

These imperfections in the data are to be expected and are an excellent learning experience for

future ventures. In undergraduate and graduate classes, data is typically cleaned and formatted for

the students to use. However, the most difficult part of data analysis in the real world is collecting

the data and transforming it into usable information. By experiencing this first-hand, the author

will be able to have realistic expectations when conducting similar research in her future career, as

well as learning some helpful tactics to increase response rates when such a challenge arises.

3.2 Census Data

The census data comes in 3 different Excel spreadsheets: all races, white alone, and black alone.

Each spreadsheet is a cross tabulation of age and sex vs. educational attainment levels. The popu-

lation this data was taken from are people over the age of 18 from the United States. These detailed

tables were not available on a state-by-state basis so the population is national and not limited to

Ohio. Because those who are in their early twenties have not had the opportunity to achieve higher

education, this study focused on the data from those 25+.

With race broken down into white, black and other in the model, the author calculated the pop-

ulation of other by subtracting the white and black values from the all races values. In total, there

were 172,685,000 subjects in the white 25+ population, 27,047,000 subjects in the black 25+ popula-

tion, and 20,098,000 subjects in the other 25+ population.

A cross-tabulation of the data can be seen in Figure 3.1 below. The data is broken down by gen-

der and race, with the percentages representing the proportion of that subset that completed each

level of education. Note that to complete middle school, a subject must first complete elementary

school. Thus there is a reverse-cumulative pattern in each row when moving from left to right. This

data does assume that those who have completed a bachelor’s degree have also completed an asso-

ciate’s degree. Though this is not true in real life, it is true that people who complete a bachelor’s

degree have earned more credits than are required for an associate’s degree. This line of thinking

allows for the educational attainment variable to be ordinal. The same follows for a Doctorate and a

Master’s degree. Though it is possible to earn a doctorate without a Master’s degree, a person with
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a Doctorate has completed more schooling than somebody with a Master’s. Additionally, by view-

ing the levels of schooling as ordinal, the researchers were able to eliminate the need for a “years of

schooling” variable which is much more subjective than a degree. While one person could complete

their Bachelor’s in 3 years, another person could take 6 years to complete it. Thus, completion of a

degree is much more useful than years of schooling.

Figure 3.1: Breakdown of Census Data Percentages

3.3 Survey Data

As stated above, the survey data contains 138 responses. Only 128 of these responses were complete

enough to include in analysis. With such a small response, the subsets of data were very small.

However, following the same process with more responses would lead to more reliable outputs.

The survey collected the variables seen in the census data (race, sex, and educational attainment

outcome) to show how the survey data compares to the much more extensive census data. See

Figure 3.2 to for the breakdown of these variables.

Figure 3.2: Breakdown of Survey Data Percentages

Perhaps most notably, the survey data had all but one individual earning a high school degree.

This is very different from the percentages seen in Figure 3.1, where not a single subset had 100%

attainment for even elementary school. Furthermore, this data is only viable for the subset of white

female, and perhaps white male. The black and other categories had very few responses. Even

amongst white males and females the survey data seems to have captured highly skewed educa-

tional attainment outcomes, with the expected doctorate percentages about 6 times higher in the

survey data than the census data. Yet the importance of the survey data was to record other vari-

ables that were not available in the census data. Such variables that are collected in the survey were
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not available in any data sets found in the initial research on the topic. Information on interventions,

as well as parental educational attainment, were generally part small longitudinal studies that did

not offer the type of data needed for this thesis.

Beyond the three variables in Figure 3.2, the survey collected a wide range of variables. A list

of all of the questions is included in Appendix A. With this survey, the researchers were able to to

collect information on the interventions discussed in previous sections. Some of the questions were

open-ended, such as “What was the most positive impact on your academic career?” The responses

to such questions were not used in the building of this agent-based model. For further research with

this data they may provide great insight. However, this paper will only explore the categorical data

that was recorded in questions 3-9 and 14-18.

Due to the complexity of the agent-based model, the researchers decided to include only two

of the most promising interventions found in the data. The reason for such complexity will be dis-

cussed later in the paper, but two was found to be the best number. Studying the survey responses

gave some interventions a stronger interest than others.

Figures 3.3, 3.3, and 3.3 provide a good visualization of what the data looked like. If a subject

selected “Yes” to the question in the title, they were then asked to rate the impact of that intervention

on their decision to pursue higher education. The three levels of impact were defined as:

1. Minimal Impact: This experience had nothing to do with my decision to pursue higher edu-

cation. I would have made the same decision regardless of this experience.

2. Medium Impact: This experience definitely strengthened my decision to pursue higher edu-

cation. Without this experience, my decision may have been different.

3. High Impact: This experience was one of the sole reasons for my decision to pursue higher

education. My decision would have been different without this experience.

These levels of impact allowed the researchers to determine which interventions seemed most

promising to include in the model. As can be seen in those three figures, a good proportion of

individuals answered “Yes” to each question. For the question on academic clubs, it appears that

a majority of affirmative responses did not find much impact in that activity. Because of this, the

researchers decided not to include academic club in the model for this paper. The question of faculty

encouragement had a better spread of impact amongst the affirmative answers, with most people

saying there was a medium impact on their decision to pursue higher education. However, this

question was very similar to that of Figure 3.3, so ultimately the researchers decided not to include
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faculty encouragement. Finally, Figure 3.3 investigated the impact of college preparatory courses.

Once again, this had a great affirmative response rate that had a pretty even distribution of impact

levels. For this intervention, it was difficult to decide whether or not it should be included in the

model. In the end, there were other interventions that afforded more promise for the model, so

college preparatory classes were not included.

Figure 3.3: Survey results for the academic club
intervention.

Figure 3.4: Survey results for the faculty encour-
agement intervention.

Figure 3.5: Survey results for the college preparatory courses intervention.

In Figure 3.3, the question explores the impact of an inspiring teacher or mentor. Note that

the distribution of “Yes” to “No” is very similar to that of Figure 3.3. However, with an inspiring

teacher/mentor, more than 50% of people said that it had a high impact on their decision to pursue

higher education. Thus, the researchers chose to include this as an intervention in their model over

that of an encouraging faculty member.
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Figure 3.6: Survey results for the inspirational teacher intervention.

The last intervention that had interesting data was school sponsored college visits. As can be

seen from Figure 3.3, only 32 of the 128 people had this intervention, meaning that it is the interven-

tion that has the biggest opportunity for fresh implementation across districts. Since this research

is focused on finding interventions that can make a difference, choosing a lesser known interven-

tion and seeing if it can positively impact educational outcomes is the best option to include in the

model.

Figure 3.7: Survey results for the school-funded college visit intervention.
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Methods

4.1 Agent-based Models

Agent-based models (ABMs) are a newer field in the world of mathematical modeling. The term

itself explains the setup and the purpose of the model - the model is made of autonomous agents

that interact with each other based on a set of rules. With these rules, complex dynamics can be

modelled between the agents, as well as each agent’s interaction to its environment. The researchers

used MATLAB as the coding environment in this project. In a book by Macal and North, the authors

give an excellent introduction to the power and reasoning behind ABM.

Agent-based modelling and simulation (ABMS) is a relatively new approach to mod-

elling complex systems composed of interacting, autonomous ‘agents’. Agents have be-

haviours, often described by simple rules, and interactions with other agents, which in

turn influence their behaviours. By modelling agents individually, the full effects of the

diversity that exists among agents in their attributes and behaviours can be observed

as it gives rise to the behaviour of the system as a whole. By modelling systems from

the ‘ground up’– agent-by-agent and interaction-by-interaction—self-organization can

often be observed in such models. Patterns, structures, and behaviours emerge that

were not explicitly programmed into the models, but arise through the agent interac-

tions. The emphasis on modelling the heterogeneity of agents across a population and

the emergence of self-organization are two of the distinguishing features of agent-based

simulation as compared to other simulation techniques such as discrete-event simula-

tion and system dynamics. Agent-based modelling offers a way to model social systems

that are composed of agents who interact with and influence each other, learn from their

experiences, and adapt their behaviours so they are better suited to their environment.

[3]

14



In the case of this research, the current version of the model looks at an agent’s reaction to its

environment rather than its relationships with other agents. Each agent in the model represents

a specific person with given attributes. This model will show how different interventions and cir-

cumstances affect the agent; the goal is to find the most effective interventions for different groups

so that educational attainment outcomes are maximized.

The flexibility of an ABM makes it an excellent choice for this type of research. Due to the chal-

lenges of trying to collect data, the output of the model is not as reliable as the researchers wanted.

However, with updated data, the model can retain the same structure and produce better outcomes.

Hence, the agent-based model is dependable, but the output’s strength is determined by the avail-

able data. Additionally, any influx of new variables can be added in with relative ease.

4.2 Motivation

The most important question of all is: why is this model important, and how can this model be

useful? Agent-based modeling is a unique type of model that can easily grow and change with new

information. While running a multiple regression model would answer the same questions that are

discussed in the Results section, the agent-based model can be tweaked and adjusted to fit any new

influx of information. Because of this flexibility, the research conducted on this project does not

need to stop with this paper. More students and more minds will be able to take the current work

and go farther than any single graduate student can in their time at Youngstown State University.

The ultimate goal of this research is to expand the current ABM to include agent-to-agent interac-

tion and eventually build a model that can accurately reflect a real high school. More expansions of

the research will be discussed in the Future Works section below. Furthermore, the subject of this

research is especially important for the upcoming generation of students. Due to Coronavirus, mid-

dle school and high school students were subjected to at least one year of online or hybrid learning,

with some still not fully back in person. As stated in the Literature and Interventions section, the

social aspect is crucial to educational attainment. While schools start to return to in-person classes,

social and academic interventions will be vital to convince these students to put forward the effort

to catch up and carry on in this new era of learning.
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4.3 Probability and Population

The goal of this project was to form a model that can input a person and output their expected

educational attainment outcome based on different characteristics. As discussed above, the demo-

graphic characteristics that are included in the model are gender, race, and parental educational

attainment (whether or not that person is first generation). The interventions that are included are

school sponsored college visits and inspirational teachers/mentors. Thus, each person is given 5 dif-

ferent attributes in total, labeled as: gender, race, cvis, inspteach, firstgen. The former two attributes

are encoded as 0 for “male” and 1 for “female”; 0 for “white”, 1 for “black”, and 2 for “other”. Both

inspteach and cvis are binary variables, encoded 0 for “no” and 1 for “yes.” The firstgen variable is

encoded as 0 for “first generation” and 1 for “not first generation”. With this set of attributes, there

are 48 possible combinations. In the MATLAB code, each combination is assigned a vector based on

the attribute encodings. For example, a female other with no college visit, an inspirational teacher,

and a parent who got their Master’s degree would be represented by the vector [1 2 0 1 1]. For

each person, there are 8 levels of education that they can achieve: none, elementary school, middle

school, high school, associate degree, bachelor degree, master’s degree, and doctorate.

In order to predict what the outcome would be, the conditional probability for that person has

to be calculated. According to Ott and Longnecker, the conditional probability is defined as follows.

Definition 4.3.1. [5] Consider two events A and B with nonzero probabilities, P (A) and P (B). The con-

ditional probability of an event A, given event B, is

P (A|B) =
P (A ∩B)

P (B)
.

The conditional probability of B, given event A, is

P (B|A) =
P (A ∩B)

P (A)
.

Of course, this definition can have different outcomes based on the dependence of the events.

Definition 4.3.2. [5] Two events A and B are independent events if P (A|B) = P (A) or P (B|A) = P (B).

For this data set, the hope is that the events are not independent. If the events are not indepen-

dent, that means the interventions and demographic variables do have an impact on the expected

educational outcomes.

When calculating these conditional probabilities, the greatest struggle is to have enough data.
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For example, say there is a person who is encoded as [0 0 0 1 1]. Then that person is a white male

who did not go on any school-sponsored college visits, did have an inspirational teacher, and is not

first generation. Then the probability of him getting a high school degree would be found as follows:

P (high school |male, white, no cvis, yes inspteach, yes firstgen) =

P (high school ∩ male, white, no cvis, yes inspteach, yes firstgen)

P (male, white, no cvis, yes inspteach, yes firstgen)
.

Were the data evenly distributed between all 48 combinations, the numerator would be calculated

from only 1
48 of the data. With a survey data set of only 128, this would be nearly impossible.

However, the data was extremely biased towards white females, with 80 responses falling into

that category. Though 80 is not a massive number, it is enough to build a rudimentary model that

displays outcomes based on the data that was collected.

Thus, there are two separate models that were built for this project. The first model, referred to

as the White Female Model, takes the collection of white female responses as the population for

the data. Due to the distribution of responses, this model leaves out the cvis variable, leaving only

four possible combinations of people in the white female population:

1. Did not have an inspirational teacher and is first generation.

2. Did have an inspirational teacher and is first generation.

3. Did not have an inspirational teacher and is not first generation.

4. Did have an inspirational teacher and is not first generation.

The second model, denoted the General Model, still considers the 48 possible combinations. How-

ever, it uses data that is generated from a mix of the census data and the survey data. With this

generated data as the population, the conditional probabilities can be calculated for each level of

schooling and each combination of person. Though the implications seen from this model are not

based on real life data, it shows the capabilities of what the model could do given enough survey

data.

4.4 MATLAB Code Structure

The code created for the ABM has the general structure seen in Figure 4.8. While the White Female

Model has externally calculated conditional probabilities, the General Model requires more work.
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The full extent of the White Female Model can be seen in Figure 4.8: creating a matrix of people

(where each row represents one person), running that matrix through an Educ Out function that

takes into account the conditional probabilities, and outputting the educational outcome number.

That outcome number is then added to a new matrix, called Outcome. There is additional code

that outputs a bar graph which displays the counts of different outcomes. In order to label the

exact count for each outcome, a function designed by Elimelech Schreiber, called barvalues, was

employed [9]. It is important to note that in the White Female Model, there are only 4 cases in the

Educ Out function, as opposed to the 48 cases seen in the General Model.

The General Model uses the same Educ Out function, however it requires much more code to

create data and calculate the conditional probabilities for the 48 cases. The details of this data gen-

eration are discussed in Section 4.5. Once the data is generated, the conditional probabilities are

calculated and entered into Educ Out function, and the steps seen in Figure 4.8 lead to the output.
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Gender   Race   Cvis   Inspteach   Firstgen

a1 b1           c1 d1 e1 

a2 b2           c2 d2 e2 

a3 b3           c3 d3 e3 

.              .          .             .                  .

.              .          .             .                  .

.              .          .             .                  .

an bn           cn dn en 

People

Educ_Out(matrix, row)

SWITCH

Case 1: row = [0 0 0 0 0]
assign conditional    
probabilities 

Case 2: row = [0 0 0 0 1]
assign conditional 
probabilities

.

.

.

Case 48: row = [1 2 1 1 1]
assign conditional 
probabilities

END;

calculate outcome based on 
probabilities;

return outcome #;

i < n + 1
Yes

No

i = 1

Outcome[i] = Educ_Out(People, row i)

return Outcome

Figure 4.8: Flow diagram of the algorithm behind the Agent-Based Model.
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4.5 White Female Model

After breaking down the data, the conditional probabilities for each level of schooling were com-

puted within the white female population. Table 4.2 shows the responses for that data.

Educational no inspteach yes inspteach no inspteach yes inspteach

Outcome yes firstgen yes firstgen no firstgen no firstgen

Elementary School 0 0 0 0

Middle School 0 0 0 0

High School 0 7 3 12

Associate 1 4 0 2

Bachelor 0 9 3 10

Master 1 1 2 18

Doctorate 0 0 0 5

Total 2 21 8 47

Table 4.2: Outcomes for white female survey participants.

One thing to note in Table 4.2 is that for someone to have achieved, say, their high school degree,

they also would have had to complete elementary school and middle school. Table 4.3 reflects this

difference with reverse cumulative columns. This case study is still relatively small, with only 2 and

8 subjects in the first and third columns. As a result, those conditional probabilities will not be very

informative.

Educational no inspteach yes inspteach no inspteach yes inspteach

Outcome yes firstgen yes firstgen no firstgen no firstgen

Elementary School 2 21 8 47

Middle School 2 21 8 47

High School 2 21 8 47

Associate 2 14 5 35

Bachelor 1 10 5 33

Master 1 1 2 23

Doctorate 0 0 0 5

Table 4.3: Cumulative outcomes for white female participants.
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Table 4.3 will provide the information needed to calculate the conditional probabilities. For ex-

ample, the conditional probability of getting a Bachelor’s degree given the subject is first generation

and had an inspirational teacher is calculated as:

P (bachelor | yes inspteach, yes firstgen) =
P (bachelor ∩ yes inspteach, yes firstgen)

P (yes inspteach, yes firstgen)

=
10
80
21
80

= 47.62%.

Note that this is higher than the national average for white females with Bachelor’s degrees,

which is 35.53%. The other conditional probabilities were calculated similarly. Once this was com-

pleted, these probabilities were entered into the ABM code. The exact code and conditional proba-

bilities can be seen in Appendix C.

4.6 General Population Model

Due to the small sample size of the survey data collected, there was not enough information on each

of the 48 combinations of people to calculate the needed conditional probabilities. To be able to see

what a full model would look like given the proper data, the researchers decided to simulate their

own data and form a model from that data. The simulated data is designed to mimic the population

proportions seen in the Census data. Of the 500,000 simulated people, about 50% are female, and

about 79% are white and 11% are black. The educational outcomes are designed to mimic the na-

tional distribution as well, though these are not based on any of the other attributes of the simulated

people. This means that every simulated person has the same likelihood of educational attainment

outcomes. Because of this, any advantages seen in the results are randomly assigned by the program

and do not give any real-life insight into the interventions.

For the interventions, the population proportions from the survey data are used. About 24%

of simulated people are assigned yes cvis, 88% assigned to yes inspteach, and 32% assigned to

yes firstgen. These assignments are applied randomly, so the exact proportions of the simulated

data are a bit off from the population proportions.

Once this simulated data is made, the program goes through and computes the conditional

probabilities for each level of educational attainment for each person combination, creating a total

of 336 conditional probabilities. This project will look at one such set of simulated data. Shown
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below are the conditional probabilities for white females. The other 40 person combinations were

also calculated, but they are not shown.

Educational Elem. Middle High Associate Bachelor’s Master’s Doctorate

Attainment School School School Degree Degree Degree Degree

Person

[1 0 0 0 0] 0.9938 0.9814 0.8995 0.4552 0.3499 0.1348 0.0239

[1 0 0 0 1] 0.9938 0.9807 0.9031 0.4540 0.3529 0.1405 0.0262

[1 0 0 1 0] 0.9939 0.9802 0.9031 0.4562 0.3523 0.1326 0.0227

[1 0 0 1 1] 0.9933 0.9789 0.9016 0.4531 0.3515 0.1330 0.0238

[1 0 1 0 0] 0.9909 0.9775 0.9079 0.4224 0.3553 0.1324 0.0156

[1 0 1 0 1] 0.9909 0.9775 0.9079 0.4224 0.3553 0.1324 0.0156

[1 0 1 1 0] 0.9936 0.9787 0.8970 0.4618 0.3558 0.1362 0.0238

[1 0 1 1 1] 0.9935 0.9782 0.9036 0.4548 0.3533 0.1335 0.0242

Table 4.4: Example of the resulting conditional probabilities for white females. Computed with data
taken directly from the survey.

As can be seen in Table 4.4, the probabilities are very similar across the different people. With

real data, it would be expected that there would be more variation. Also note that [1 0 1 0 0] (fe-

male white yes cvis no inspteach not firstgen) and [1 0 1 0 1] (female white yes cvis no inspteach

firstgen) have the exact same probabilities . One issue that the model experienced was the rarity of

that [x x 1 0 x] combination, which means that the subject did go on college visits and did not have

an inspirational teacher. Even though the code generated 500,000 data points for this model, every

run of the code ended up having some [x x 1 0 x] combination completely empty. In this case, the

general cumulative probabilities found in Figure 3.1 were placed there instead, since the conditional

probabilities could not be calculated for those empty subgroups. All of the conditional probabilities

are then input into the function that will predict educational outcomes.

22



Results

5.1 White Female Model Results

The white female case study looks at the educational outcomes of 10,000 randomly generated people

based on the collected survey data. In each case seen, a new matrix of people is generated for the

specific question that is considered. For example, Figure 5.1 displays the educational outcomes

of white females that received no interventions. This matrix of people is a random mix of first

generation and not first generation. The output here serves as the control. The interpretation can be

seen from the percentages of each educational outcome. About 45% of people achieved their high

school degree but no higher. Only 23.48% of people achieved an Associate’s Degree, but nearly

27% went on to achieve a Bachelor’s Degree. Around 5% achieved a Master’s Degree, but none of

these people achieved a Doctorate, which comes directly from the survey data. The only subjects

who received a Doctorate also said that they had an inspirational teacher/mentor, so the conditional

probability of getting a doctorate while having no inspirational teacher is 0. This is one challenge of

the small sample size.

Figure 5.9: Results from running the model for white females with no inspirational teacher.

23



The first output to compare to the control case is the outcomes of a random mix of people: first

generation with an inspirational teacher, not first generation with no inspirational teacher, etc. This

can be seen in Figure 5.1. As previously noted, this output begins in high school which is to be

expected since all of the females made it through high school in Table 4.3. This distribution is what

may be seen in a general white female population, with a mix of people who are first generation and

not, as well as a mix of people who received the inspirational teacher intervention and those who

did not. This mixed matrix has higher percentages for every post-high school educational outcome.

The Associate’s Degree outcome increased by 3%, the Bachelor’s Degree by 1%, and the Master’s

Degree by 3%. There is also the emergence of the Doctorate outcome, with about 0.71% of people

achieving a this. Clearly, the introduction of the inspirational teacher intervention has made some

positive impact on educational attainment.

Figure 5.10: Results from running the model for a mix of the inspirational teacher intervention and
parental educational attainment for white females.

The next step is to see the outcomes of a white female population (of mixed parental educational

attainment) where every student has experienced the inspirational teacher intervention. This can

be seen in Figure 5.1. The distribution between High School, Associate’s, and Bachelor’s is much

more even than in 5.1. Giving this intervention to everyone appears to positively affect educational

outcomes.

24



Figure 5.11: Results after running the model for white females all who had inspirational teachers.

Finally, the interaction of parental educational attainment and the inspirational teacher inter-

vention can be studied. Figure 5.1 shows the case where all people are first generation and have

received the inspirational teacher intervention, and Figure 5.1 shows the case where all people have

at least one parent pursued higher education as well as receiving the inspirational teacher interven-

tion. The first curious thing to note is that Figure 5.1 has nobody achieving a Doctorate, while about

2.5% achieve one in Figure 5.1. In this, it looks like parental educational attainment may have a large

impact on terminal degrees. Furthermore, the Master’s Degree receives a 22% increase from first

generation to not first generation. It is apparent that the students who had at least one parent with

a post-high school degree were more likely to achieve Bachelor’s, Master’s, and Doctorate Degrees.

Figure 5.12: Results after running the model for first generation white females with inspirational
teachers.
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Figure 5.13: Results after running the model for not first generation white females with inspirational
teachers.

From these plots, a few inferences can be made. First, having an inspirational teacher seems to

improve educational outcomes, regardless of parental educational attainment. Furthermore, when

combined with an inspirational teacher, parental educational attainment strongly impacts the edu-

cational attainment of the child. This would suggest that those who are first generation may need

more guidance from the schools when it comes to pursuing higher education when compared to

their peers who are not first generation. However, these outputs are based on a fairly small sample

size, so more data would need to be collected to truly understand the impacts of these variables.

5.2 The General Model

The general model here is using the conditional probabilities from the generated data of the pro-

gram discussed above. Gender, race, and parental education is randomly distributed along with the

interventions. With a cursory run through of this model on a randomly generated matrix of 10,000

people, the educational attainment predictions are as seen in Figure 5.2. 51.09% of this population

achieved a high school degree, but no higher, whereas only 0.05% of these people achieved a doc-

torate. This outcome shows what might be seen in any given school – some students have one or

both interventions while some students do not have any.
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Figure 5.14: Results from running the model for all demographics with a mix of all interventions.

To better understand how the distribution of educational attainment is affected by interventions,

Figure 5.2 shows the outcomes of a control group, that had neither the college visit intervention nor

the inspirational teacher intervention. Once again, because the conditional probabilities are from

generated data, the outputs here will not show any real relationships between the interventions and

educational attainment outcomes. From the comparison between Figures 5.2 and 5.2, it appears that

the control group actually has marginally better outcomes than the former. The only exceptions are

the None and Doctorate educational outcomes.

Figure 5.15: Results from running the model for all demographics with no interventions.

Figures 5.2 and 5.2 show the distributions if all people have the college visit intervention. Figure
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5.2 shows the case where nobody has an inspirational teacher while Figure 5.2 shows the case where

a random selection of people have an inspirational teacher. According to these graphs, it appears

that the college intervention actually lowers the amount of students who go on to higher education

when compared to the control group. In this case, use of college visits as an intervention would be

discouraged for schools that wish to raise their educational attainment.

.

Figure 5.16: Results from running the model for
all demographics with only the college visit in-
tervention.

Figure 5.17: Results from running the model
for all demographics with the college visit inter-
vention and with some having an inspirational
teacher and some without.

The next intervention to consider is that of inspirational teachers/mentors. As can be seen in Fig-

ures 5.2 and 5.2, there is the case where each student had only an inspirational teacher and the case

where each student had an inspirational teacher, but a random selection also had the college visits

intervention. Figure 5.2 has the best outcomes of any case seen from this model. About 26.7% of

these people received an Associate’s Degree, while 12%, 2%, and 0.07% received a Bachelor’s, Mas-

ter’s, and Doctorate Degree respectively. All of these percentages are higher than the control group

in Figure 5.2 and the random group in Figure 5.2. However, it appears that including the college

visits intervention lowers those higher education percentages, meaning that for optimal educational

outcomes, a school should only implement the inspirational teacher intervention.
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.

Figure 5.18: Results from running the model
for all demographics with only the inspirational
teacher intervention.

Figure 5.19: Results from running the model for
all demographics with inspirational teacher in-
tervention and some with the college visit inter-
vention and some without.

Finally, the last case to consider is one in which every student has both an inspirational teacher

and has participated in a school-organized college visit. This can be seen below in Figure 5.2. This

actually appears to be less successful than 5.2, which is consistent with the apparent negative impact

of the college visit intervention. The Doctorate count increases by 1, but that is too minimal to mean

anything. Thus, it appears that the best action to take given the generated data is to only use the

inspirational teacher intervention and disregard the college visits intervention.
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Figure 5.20: Results from running the model for all demographics with both the college visit inter-
vention and the inspirational teacher intervention.

5.3 Conclusions

From the true survey data seen with the white female case study, the inspirational teacher interven-

tion is found to be a strong tool when it comes to improving educational attainment. The outputs

seen with this model suggest that schools would be wise to inform teachers of their strong impact

and encourage those teachers to reach out to students who are struggling. Given enough survey

data, these outcomes could be expanded to include other interventions, as well as the interaction

between the many recorded factors. Meanwhile, the general model that is formed from generated

data shows a glimpse of that scope, with the study of the inspirational teacher and the college visit

interventions. While the inspirational teacher intervention improved the educational outcomes, the

college visit intervention ended up decreasing the educational outcomes. Of all possible combi-

nations of interventions, the best was getting every student to have an inspirational teacher. This

relationship would probably be different given real data, but it illustrates the interesting interplay

between interventions.
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Future Works

Agent-based models are some of the most build-able models available. That means that there is an

extensive amount of information that can be added and changed to build an even more illuminating

model. As a result, this research has only scratched the surface of potential that is available to this

project.

The first step to continuing this work is to collect more data. This can be done by refiling with

the Youngstown State Institutional Review Board so that the survey could offer a prize draw. Since

motivating the responses was the most difficult part, offering a reward might help garner more

responses. Another option could be to find business sponsors, such as restaurants or stores, who

would offer discounts to customers who showed proof of taking the survey. This would be a good

possibility in small towns, and it would be able to reach a wider audience than that of the original

survey.

Additionally, the survey questions can be expanded to add more possible directions to take the

research. One factor that was not considered during the first round of data collection is the impact

of peer support. Asking questions such as:

• What level of education did your closest high school friend achieve?

• What level of impact did your friends’ educational decisions have on your own?

• Did you have a friend who encouraged you to pursue higher education?

• Did you ever encourage one of your friends to pursue higher education?

would introduce an agent-to-agent interaction into the model. Using that information, if the agent in

question was in close enough proximity to an “encouraging” agent, then its conditional probabilities

could be increased. With this, the model could find the optimal number of “encouraging” agents

a certain school would need to have good improvement in educational attainment. The friendship

31



factor could turn out to be even more influential than the original factors recorded in the survey, as

teenagers tend to listen to their peers more than authority figures.

Another important step to take is to perform statistical analysis on the collected data and perhaps

fit a multiple linear regression model or an ordinal regression model to it. A sample size of 128 is

enough data to build a decent regression model. This would provide more insight into the data and

allow for the interaction between interventions to come to light.

Furthermore, the ultimate goal is to have this model applied to a specific high school to deter-

mine which interventions would be most effective. The model could be run on a set of people that

demographically aligns with the student population. After running it with no interventions and

recording that output, researchers could then run it with different combinations of interventions

to see which maximize the educational attainment outcomes. These interventions could then be

applied in to that actual high school. If a high school were to partner with this research, then they

might be able to offer data on how those interventions make a difference in their student body.
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Appendix A

Survey Questions

1. Did you do K-12 education entirely in Ohio?

2. Please list the school district name where you completed your education below:

The following questions will ask you to rate the impact certain experiences had on your deci-

sion to pursue higher education. They are listed and explained as follows:

• 1 – minimal impact: This experience had nothing to do with my decision. I would have

made the same decision regardless of this experience.

• 2 – medium impact: This experience definitely strengthened my decision. Without this

experience, my decision may have been different.

• 3 – high impact: This experience was one of the sole reasons for my decision. My decision

would have been different without this experience.

3. While in K-12 schooling, did you take any college preparatory courses?

(a) Please list all college preparatory courses you have taken.

(b) Please rate the impact of these courses on your decision regarding whether or not to

pursue higher education.

4. While in K-12 schooling, did you go on any college visits organized by your school district?

(a) Please rate the impact of these visits on your decision regarding whether or not to pursue

higher education.
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5. While in K-12 schooling, did you have an inspiring teacher/mentor somewhere in your school-

ing?

(a) Please rate the impact of this teacher/mentor on your decision regarding whether or not

to pursue higher education.

6. While in K-12 schooling, were you encouraged by any faculty to pursue higher education?

(a) Please rate the impact of this encouragement on your decision regarding whether or not

to pursue higher education.

7. While in K-12 schooling, did you participate in any school sports?

(a) Please list the sports you participated in.

(b) Please rate the impact of this/these sports on your decision regarding whether or not to

pursue higher education.

8. While in K-12 schooling, did you participate in any after school academic clubs?

(a) Please list the activity(ies) you participated in.

(b) Please rate the impact of this/these activities on your decision regarding whether or not

to pursue higher education.

9. While in K-12 schooling, did you participate in any other extra-curricular activities?

(a) Please list the activity(ies) you participated in.

(b) Please rate the impact of these activities on your decision regarding whether or not to

pursue higher education.

10. What is your current occupation?

11. What was the most positive impact on your academic career?

12. What was the most negative impact on your academic career?

13. What is your age (in years)?

14. What is your gender?

15. What is your race?

16. What is the highest level of education YOU have completed?

37



17. What is the highest level of education your MOTHER has completed?

18. What is the highest level of education your FATHER has completed?

19. What is the highest level of education your CHILD has completed?
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Youngstown State University 
Institutional Review Board 

Office of Research 
Melnick Hall 

Phone: 330-941-2377 
 
_______________          _______________ 
Date            Protocol Number 

FULL/EXPEDITED REVIEW PROTOCOL APPLICATION 

 
 

A. INVESTIGATOR INFORMATION 

Please list all study personnel involved in the conduct of this study. All study personnel must complete required 
training in human subject research and provide to the IRB office documentation verifying completion of the 
requirement. The IRB will not review a study without such forms on file for all research personnel.  Only YSU faculty, 
staff, students, or registered volunteers are considered YSU affiliated and thus covered by the YSU IRB review.  All 
non-affiliated study personnel must have their participation reviewed by the appropriate IRB.  (Attach a separate 
sheet if more space is needed.) 

STUDY TITLE 
 

A Mathematical Model for Educational Attainment 

PRINCIPAL INVESTIGATOR OR 
FACULTY ADVISOR 

Dr. Alicia Prieto-Langarica Phone Extension 
(330) 941-1549 

Email Address 
aprietolangarica@ysu.e
du 

DEPARTMENT Mathematics and Statistics 

CO-INVESTIGATOR OR 
STUDENT INVESTIGATOR 

Anna Truman Phone Extension 
 
(330) 936-8057 

Email Address 
actruman@student.ysu.
edu 

CO-INVESTIGATOR OR 
STUDENT INVESTIGATOR 

 Phone Extension Email Address 
 

CO-INVESTIGATOR OR 
STUDENT INVESTIGATOR 

 Phone Extension Email Address 
 

 
 

B.  SPONSOR/FUNDING INFORMATION 

Will this project be supported by an external funding agency? ☐   Yes ☐   No 

If yes, please identify the source and contact information 

Agency: 
 

Contact Person: Phone: Email: 

 
 

C.  LOCATION OF RESEARCH  

Where will the study take place? YSU Other Facility 

If not at YSU, attach a letter of cooperation on the letterhead of the facility and provide contact information.  If there 
are multiple facilities, attach an additional page with the information for each. 

Facility Name: 
 
 

Contact Person: Phone: Email: 

4/2/2021 090-21 



2 
 

D. CONFLICT OF INTEREST 

Is there any real or apparent conflict of interest on the part of any study personnel (e.g., 
investigator/participant relationship, stock or stock options, interest in technology, 
consultant to sponsor)? 

☐ Yes     ☐ No 

If yes, please explain.  

 
 

E.  METHODS AND PROCEDURES 

This section must be written in layman’s terms so that it can be understood by all members of the IRB.  Include 
sufficient detail so that reviewers will be able to fully understand your project.  

1.  Describe the background of the research and the significance of the study. 
 
In today’s society of high-stress and high-performance academics, many students are left behind in the race to 
climb the educational ladder. Whether from lack of support, lack of exposure, or lack of opportunity, there are 
certain demographics that have lower educational attainment than their peers. This research aims to discover 
students who lack this support and determine what interventions would be most effective to give them equal 
exposure to higher education opportunities. With this study, the researchers hope to provide an objective and 
mathematical overview/solution of this societal inequality. 

2. What is the objective of the study? 
 
The objective of this study is to determine what factors are important indicators of educational attainment 
levels and to build a mathematical model that estimates the average educational attainment for a certain 
subject. After discovering these factors, the study will aim to try different interventions for each subject and see 
which interventions appear to be most effective in increasing educational attainment.  

3. Describe the study design and all procedures (sequentially) to which human subjects will be exposed. 
 
Human subjects will only be exposed to a questionnaire to serve as data collection. This questionnaire will ask 
basic demographic questions, questions about educational attainment, and questions about past educational 
experiences. This data will then be recorded and uploaded to be used as a base for the model. 

4. If deception is to be used in this study, describe and justify the deception and explain the debriefing procedures. 
 
No deception is to be used. 

5. Will subjects be presented with materials that they might regard to be offensive, threatening, or degrading?   
 
No. 

6.  Reference pertinent scientific literature. 
 
The U.S. Census Bureau released an article in March 2020 from the 2019 Educational Attainment data set. In this 
article, they discuss the different percentages of educational attainment. “In 2019, 40.1% of non-Hispanic whites 
age 25 and older had a bachelor’s degree or higher, up from 33.2% in 2010. During the same period, the 
percentage of blacks age 25 and older with a bachelor’s degree or higher rose from 19.8% to 26.1%; Asians from 
52.4% to 58.1%; and Hispanics from 13.9% to 18.8%.”1 From this data, we can see that there are certainly 
disparities between different races when it comes to educational attainment. More information from the U.S. 
Census Bureau is available that shows additional inequalities for other factors. This, and many similarly reported 
statistics, serves as inspiration for this research.  
 
1 Source from https://www.census.gov/newsroom/press-releases/2020/educational-
attainment.html#:~:text=In%202019%2C%20high%20school%20was,from%2029.9%25%20to%2036.0%25 
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F.  SURVEYS AND QUESTIONNAIRES, IF APPLICABLE 

☐  Survey/Questionnaire (go to A) ☐ Record or Database (go to B)  ☐Other, Briefly Explain 

A.   Surveys and Questionnaires.  You must attach a copy of each survey or questionnaire. 
 

1. What type of survey or questionnaire will be used? 
 
Online questionnaire. 

2. Describe the setting and mode of administration for the instrument (e.g. by phone, on-on-one, group) and the 
provisions for maintaining privacy and confidentiality (e.g. anonymity).  Include duration, intervals of 
administration, and overall length of participation. 
  
This will be an online questionnaire distributed over social media. It will be about a 10-minute survey that can be 
completed all at once. Overall length of participation should be around 10 minutes. 

B. Records or Data Review.  This includes existing material such as archival records, databases, etc. 
 

1. What kinds of records will you review? What is the source of the records? 
 
The records will be state/government recorded data. Data will be obtained from the United States Census 
Bureau, the Ohio Department of Education, and the Ohio Department of Higher Education. 

2. Will you have contact or interaction with the subjects from whom the data are collected? 
 
There will be no interaction with the subjects of the data. 

3. Will you be recording identifiers (information that could potentially identify human subjects)? 
 
We will only be recording demographics as supplied by the data – no unique identifiers would be used. 

4. Define the time frame of the records that you plan to review.  (Example: from 2/1/2007-2/1/2008) 
 
Data ranges from 2000 – 2019. 

 

G.  RISK/BENEFIT ASSESSMENT 

Describe in detail any potential risks/adverse events associated with each research procedure. 

1. Determine the level of risk to subjects associated with this project. 

☐   None ☐   Minimal ☐   Low, moderate, high 

DHHS and FDA Regulations define minimal risk as “the probability and magnitude of harm or discomfort anticipated in 
the research are not greater in and of themselves than those ordinarily encountered in daily life or during the 
performance of routine physical or psychological examinations or tests.” 

2. Describe in detail any potential risks/adverse events that could be associated with the research procedures 
 

Students will fill out a basic demographic and educational attainment questionnaire. This will not lead to any 
risks for the students, as it will be anonymous and objective.  

3. Describe the potential direct benefits subjects may receive as a result of their participation. 
 
Subjects will not receive any direct benefits from this study. 

4. Describe any potential benefits that may accrue to the subject or society.  Societal benefits generally refer to the 
advancement of scientific knowledge, and/or possible benefit(s) to future subjects. 
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G.  RISK/BENEFIT ASSESSMENT 

 
With this study, we will be able to theorize college preparation programs and interventions aimed at certain 
demographics to raise educational attainment. In this way, future students have the potential benefit of 
increased intervention to open pathways to college and other educational opportunities. 

5. Explain how the benefits of this research outweigh the potential risks and how these risks are justified. 
 
Since this research would not require any risk, the potential benefits of this study would outweigh the risks. 

 
 

H. HUMAN RESEARCH SUBJECTS 

Describe the target population in specific terms. 

1.  Provide detail about the numbers of subjects, age, gender, or any other information that establishes the 
parameters of the population in your study. 
 
Because the population that we’re studying is Ohio, our sample will mimic the different factor distributions of 
the Ohio population. We hope to get a response of at least 1,000. The acceptable ages will be 18 and over. 

2.  Outline the criteria for selection and exclusion of subjects. 
 
Subjects will be selected randomly from adults that attended school in Ohio. 

3.  Approximately how much time will be required of each subject? 
 
About 10 minutes to fill out the survey. 

4. Describe the different conditions or manipulations to be conducted in the study. 
 
None. 

5. Will any of the following vulnerable populations be targeted for subject recruitment? 

☐   Minors ☐   Mentally incapacitated ☐ 

☐   Prisoners ☐   Elderly ☐ 

☐   Pregnant women/fetuses ☐   Non-English speaking ☐ 
6. What safeguards are in place to protect vulnerable populations if involved within the research? 

 
N/A 

7. Describe the measures or observations that will be taken in the study. 
 
Level of education, demographics, and other details related to schooling experience. 

8. What steps will be taken to ensure that subject’s participation is voluntary? 
 
The questionnaire will be completely voluntary and no single person will ever be asked to complete it. 

9.  Will the subjects receive compensation for their participation, monetary or otherwise? If so, please specify. 
 
No. 

10. What financial obligations will subjects incur as a result of participating in this research? Identify expenses such 
as travel costs, parking fees, missed work, etc.  Please be as specific as possible. 
 
No financial obligations will be incurred. 
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I. RECRUITMENT PROCEDURES 

1. What method(s) will be used to identify and recruit prospective Subjects?  Specify the source of potential 
subjects. 
 
Survey will be distributed through public social media groups based in Ohio.  

2. Will you access existing stored data, records, etc. for your recruitment purposes? If yes, specify the source. 
 
Yes. The records will be state/government recorded data. Data will be obtained from the United States Census 
Bureau, the Ohio Department of Education, and the Ohio Department of Higher Education. 

 
 

J. INFORMED CONSENT AND ASSENT 

Ethical and regulatory guidelines ensure that potential subjects must be fully informed about the research in a 
manner comprehensible to them and then be allowed to choose whether to participate in the research. Attach an 
Informed Consent Form of your own design, according to the YSU Guidelines for fully Informed Consent for each 
subject population, or a Waiver of Informed Consent Request Form. The IRB has provided a template containing the 
Elements of Informed Consent/Assent (per 45 CFR 116) on the YSU IRB website:  http://cms.ysu.edu/administrative-
offices/research/human-subjectsinstitutional-review-board.  Using the template is strongly suggested in order to 
eliminate errors and revisions. 

Select only one of the three boxes below: 

☐   I am attaching a copy of all Consent and Assent forms that will be used in this study and will answer the questions 
below.  A letter of consent is generally required form all adult research participants unless specifically waived by the IRB.  
A letter of assent is required of all minor research participants (age 9-17) unless specifically waived by the IRB. 

☐   I am requesting that the IRB allow me to use an oral consent process for my research and will answer the 
questions below.  The elements of informed consent may be presented orally to the subject or the subject’s legally 
authorized representative.  When this method is used there shall be: 

1. A witness to the oral presentation. 
2. The IRB shall approve a written summary of what is to be said to the subject or the representative. 
3. A short form stating that the Elements of Informed Consent required by Section 45.116 have been presented 

orally to the subject or the subject’s legally authorized representative and must be signed by the subject or the 
representative. 

4. The witness shall sign both the short form and a copy of the summary. 
5. A copy of the summary shall be given to the subject or the representative, in addition to a copy of the short 

form. 
State specifically why you are asking the IRB to allow you to waive written consent and use an oral consent process. 

☐   I am requesting that the IRB waive my requirement for a signed letter of consent/assent.  A signed consent form may 
be waived if the IRB finds either: 

1. That the only record linking the subject and the research would be the consent document and the principal risk 
would be potential harm resulting from a breach of confidentiality.  Each subject will be asked whether the 
subject wants documentation linking the subject with the research, and the subject’s wishes will govern; or 

2. The research presents no more that minimal risk of harm to subjects and involves no procedures for which 
written consent is normally required outside of the research context. 

State specifically why you are asking the IRB to waive the requirement for a signed letter of consent/assent. 
This research requires no risk for the subject. No identifiers will be collected, as we are purely interested in the 
demographics data. The questionnaire will simply link the different demographics to a single subject (like race, gender, 
school district, etc.) to allow for compounded probabilities to be computed. Each research subject will be anonymous 
when mixed in with the collected data.  The point of this research is not to report the results of the questionnaire, but to 
use the questionnaire to build a realistic model of different students. For example, suppose one subject is a white low-
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J. INFORMED CONSENT AND ASSENT 

class male in the Akron City School district. Whatever his highest level of educational attainment is will be recorded and 
used in concordance with all other white low-class males in the same district. The average probability will be used in the 
model to build a simulated sample of thousands of students, and the results of that model will be reported. This 
individual’s information will never be reported. 

Answer All of the Questions Below 

1. How and where will informed consent/assent be obtained?  (e.g., in the school, Investigator’s office, etc.) 
N/A 

2. Will there be an opportunity for potential subjects to take the consent form home to consider the options and 
to discuss participation with family members.  If not, explain why. 
N/A 

3. If subjects are minors or mentally disabled, describe how and from whom permission will be granted? 
N/A 

4. How and by whom will it be determined that the subjects or their legal representative understand the research 
project and their rights as participants? 
N/A 

5. Where will the record(s) of consent/assent be stored? 
N/A 

 

K. CONFIDENTIALITY OF INFORMATION COLLECTED 

1. What steps will be taken to ensure the anonymity or confidentiality of the subjects’ identities or the data they 
provide. 
 
The collected data will include no identifiers or names. The data will only be seen by the researchers listed on 
the project or by other academics brought in to consult by Dr. Prieto. The reports will never include a 
questionnaire response – the data will only be used to build an agent-based model and to test the efficacy of the 
model.  

2. Explain how the data will be stored, for what period of time, and how and when it will be disposed of. 
 
The collected data will be stored on the researcher’s private computers. There are no plans to dispose of the 
data since the model will likely require many improvements that rely on information found in the data. 

 

 

L. ASSURANCES – Principal Investigator or Faculty Advisor AND Student Investigator 

 

 

PRINCIPAL INVESTIGATOR’S ASSURANCE STATEMENT 

 
I certify that the information provided in this claim of exemption is complete and correct.   
 
I understand that as Principal Investigator, I have the ultimate responsibility for the protection of the rights and welfare 
of human subjects and the ethical conduct of this research protocol. I agree to comply with all IRB and Institutional 
policies and procedures, as well as with all applicable federal, state, and local laws regarding the protection of human 
subjects in research, including, but not limited to, the following:  
 

● The research will not be initiated until written approval is secured from the IRB. 
● The project will be performed by qualified personnel according to the research protocol 
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Statement of Consent included at beginning of survey: 

I am a graduate student at Youngstown State University and am conducting a research project as part of my graduate 

fellowship program. This research aims to discover educational inequalities in the Ohio schooling system. By collecting 

demographic and schooling data, we will build what is called an Agent-Based Model (ABM) to model the educational 

path of a student of certain parameters. The goal is to determine what types of students may lack educational support 

and to find what interventions would be most effective to give them equal exposure to higher education opportunities. 

With this study, we hope to provide an objective and mathematical overview/solution of these societal inequalities. You 

must be over the age of 18 to participate, and your participation is completely voluntary. Participation is expected to 

take between 5 and 15 minutes. There will be no consequences if you choose not to participate and you may withdraw 

at any time. There is no known risk to you. Your participation in this study will lead to a better understanding of Ohio’s 

educational system and a new view on interventions, so that subsequent generations may be offered more equal 

opportunities. All information you provide will be kept completely anonymous and you will not be able to be identified 

when reported. Completion of this survey indicates your consent to participate. If you have any questions about the 

research project please contact Dr. Alicia Prieto-Langarica at aprietolangarica@ysu.edu. If you have any questions 

regarding your right as a research participant, please contact the Office of Research Services at 330-941-2377 or YSU 

IRB@ysu.edu. 

Approval email from Karen H. Larwin, Friday, April 2, 2021 

Dear Investigators,  

Your protocol entitled A Mathematical Model for Educational Attainment has been reviewed and is deemed to meet the 

criteria of an exempt protocol.  You will be surveying adult over social media about their K-12 experiences and 

educational goals.   Participants will be asked to complete a basic demographic information and several items covering 

questions about their education.  The survey will be disseminated electronically.  No identifying information is being 

collected.   

The research project meets the expectations of 45 CFR 46.104(b)(2) and is therefore approved. You may begin the 

investigation immediately. Please note that it is the responsibility of the principal investigator to report immediately to 

the YSU IRB any deviations from the protocol and/or any adverse events that occur. Please reference your protocol 

number 090-21 in all correspondence about the research associated with this protocol.    



Appendix C

MATLAB Code

C.1 White Female Educational Outcome Model

1 funct ion [outcome] = White Female Model (M, rowNumber)

2

3 Person=M(rowNumber , : ) ; %Creates a 1x5 matrix of one

person from matrix M

4

5 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

6 % Value Gender Race CVis i t s InspTeach ParentEd

7 %−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

8 % 0 Male White No No F i r s t gen

9 % 1 Female Black Yes Yes Not f i r s t gen

10 % 2 Other

11 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

12

13

14 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

15 % Case 25 : [ female White n o c v i s i t s no inspteach f i r s t g e n ]

16 i f Person == [1 0 0 0 0]

17 elem=1;

18 mid=1;

19 high =1;

20 assoc =.5 ;

21 bach =.5 ;

22 mast=0;

23 phd=0;

24 end

25 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

26 % Case 26 : [ female White n o c v i s i t s no inspteach n o t f i r s t g e n ]

27 i f Person == [1 0 0 0 1]

28 elem=1;

29 mid=1;

30 high =1;

31 assoc =.625 ;

32 bach =.625 ;

33 mast =.25 ;

34 phd=0;

35 end

36 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

37 % Case 27 : [ female White n o c v i s i t s inspteach f i r s t g e n ]

38 i f Person == [1 0 0 1 0]

39 elem=1;

40 mid=1;

41 high =1;

42 assoc =.667 ;

43 bach =.4762 ;

44 mast =.0476 ;

45 phd=0;

46 end

47 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

48 % Case 28 : [ female White n o c v i s i t s inspteach n o t f i r s t g e n ]

49 i f Person == [1 0 0 1 1]

50 elem=1;

51 mid=1;

52 high =1;

53 assoc =.7447 ;

54 bach =.7021 ;

55 mast =.4894 ;

56 phd=.1064 ;

57 end

58 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

59

60 a=zeros (1 ,8) ; %Creates array of zeros with sp e c i f i e d

s i z e

61 [rows , columns]= s i z e (a) ;

62

63 a (1) =1; %Represents the indiv idua l who wi l l

64 %move through the l e v e l s of educ

65 %based on t h e i r assigned values

66 i f rand < elem

67 a (1)=a (1)−1;

68 a (2)=a (2) +1;

69

70 i f rand < mid

71 a (2)=a (2)−1;

72 a (3)=a (3) +1;

73

74 i f rand < high
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75 a (3)=a (3)−1;

76 a (4)=a (4) +1;

77

78 i f rand < assoc

79 a (4)=a (4)−1;

80 a (5)=a (5) +1;

81

82 i f rand < bach

83 a (5)=a (5)−1;

84 a (6)=a (6) +1;

85

86 i f rand < mast

87 a (6)=a (6)−1;

88 a (7)=a (7) +1;

89

90 i f rand < phd

91 a (7)=a (7)−1;

92 a (8)=a (8) +1;

93 end

94 end

95 end

96 end

97 end

98 end

99 end

100

101 i f a (1)==1

102 outcome = 1 ; % did not f i n i s h any school ing

103 e l s e i f a (2) ==1

104 outcome = 2 ; % only completed elementary

105 e l s e i f a (3)==1

106 outcome = 3 ; % only completed middle school

107 e l s e i f a (4)==1

108 outcome = 4 ; % only completed high school

109 e l s e i f a (5) ==1

110 outcome = 5 ; % only completed assoc i a t e ’ s

111 e l s e i f a (6)==1

112 outcome = 6 ; % only completed bachelor ’ s

113 e l s e i f a (7)==1

114 outcome = 7 ; % only completed master ’ s

115 e l s e i f a (8)==1

116 outcome = 8 ; % completed phd

117 e l s e

118 outcome = 0 ;

119

120 end

C.2 Running Results of White Female

1 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

2 % Value Gender Race CVis i t s InspTeach ParentEd

3 %−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

4 % 0 Male White No No F i r s t gen

5 % 1 Female Black Yes Yes Not F i r s t Gen

6 % 2 Other

7 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

8

9 numppl = 100000 ;

10

11 C1 = randi ([1 1] , [numppl 1]) ; % a l l females

12 C2 = randi ([0 0] , [numppl 1]) ; % a l l white

13 C3 = randi ([0 0] , [numppl 1]) ; % a l l nocvis

14 C4 = randi ([0 1] , [numppl 1]) ;

15 C5 = randi ([0 1] , [numppl 1]) ;

16

17 People = horzcat (C1 , C2 , C3 , C4 , C5) ;

18 Insp F i r s tgen = [1 0 0 1 1 ] ;

19 Insp Not f i r s tgen = [1 0 0 1 1 ] ;

20 Noinsp Firstgen = [1 0 0 0 1 ] ;

21 Noinsp Notf irs tgen = [1 0 0 0 1 ] ;

22

23 nnz( ismember( People , Insp F i r s tgen , ’ rows ’ ) )

24 nnz( ismember( People , Insp Not f i r s tgen , ’ rows ’ ) )

25 nnz( ismember( People , Noinsp Firstgen , ’ rows ’ ) )

26 nnz( ismember( People , Noinsp Notf irstgen , ’ rows ’ ) )

27

28 [R , C]= s i z e ( People ) ;

29

30 outcomeMatrix = zeros (R, 1 ) ;

31

32 for i =1:R

33 outcomeMatrix ( i ) = White Female Model ( People , i ) ;

34 end

35

36 B = unique(outcomeMatrix ) ;

37 out = [B , h i s t c (outcomeMatrix , B) ] ;

38

39 bar ( out ( : , 2 ) )

40 s e t (gca , ’ x t i c k l a b e l ’ ,{out ( : , 1 )})

41 barvalues ;

C.3 General Educational Outcome Model

1 %Singular Model 2 wi l l conta in every combination of va r i ab l e s

2 %a person can be .

3

4 funct ion [outcome] = Singular Model 3 (M, rowNumber ,A)

5

6 Person=M(rowNumber , : ) ; %Creates a 1x5 matrix of one

person from matrix M

7

8 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

9 % Value Gender Race CVis i t s InspTeach ParentEd

10 %−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

11 % 0 Male White No No F i r s t gen
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12 % 1 Female Black Yes Yes Not f i r s t gen

13 % 2 Other

14 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

15 %Calcu la t ing outputs fo r people in input matrix .

16 elem=0;

17 mid=0;

18 high =0;

19 assoc =0;

20 bach=0;

21 mast=0;

22 phd=0;

23

24 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

25 % Case 1 : [male White n o c v i s i t s no inspteach f i r s t g e n ]

26 i f Person == [0 0 0 0 0]

27 matrix = A{1};

28 elem=matrix (2) ;

29 mid=matrix (3) ;

30 high=matrix (4) ;

31 assoc=matrix (5) ;

32 bach=matrix (6) ;

33 mast=matrix (7) ;

34 phd=matrix (8) ;

35 end

36 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

37 % Case 2 : [male White n o c v i s i t s no inspteach n o t f i r s t g e n ]

38 i f Person == [0 0 0 0 1]

39 matrix = A{2};

40 elem=matrix (2) ;

41 mid=matrix (3) ;

42 high=matrix (4) ;

43 assoc=matrix (5) ;

44 bach=matrix (6) ;

45 mast=matrix (7) ;

46 phd=matrix (8) ;

47 end

48 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

49 % Case 3 : [male White n o c v i s i t s inspteach f i r s t g e n ]

50 i f Person == [0 0 0 1 0]

51 matrix = A{3};

52 elem=matrix (2) ;

53 mid=matrix (3) ;

54 high=matrix (4) ;

55 assoc=matrix (5) ;

56 bach=matrix (6) ;

57 mast=matrix (7) ;

58 phd=matrix (8) ;

59 end

60 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

61 % Case 4 : [male White n o c v i s i t s inspteach n o t f i r s t g e n ]

62 i f Person == [0 0 0 1 1]

63 matrix = A{4};

64 elem=matrix (2) ;

65 mid=matrix (3) ;

66 high=matrix (4) ;

67 assoc=matrix (5) ;

68 bach=matrix (6) ;

69 mast=matrix (7) ;

70 phd=matrix (8) ;

71 end

72 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

73 % Case 5 : [male White c v i s i t s no inspteach f i r s t g e n ]

74 i f Person == [0 0 1 0 0]

75 matrix = A{5};

76 elem=matrix (2) ;

77 mid=matrix (3) ;

78 high=matrix (4) ;

79 assoc=matrix (5) ;

80 bach=matrix (6) ;

81 mast=matrix (7) ;

82 phd=matrix (8) ;

83 end

84 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

85 % Case 6 : [male White c v i s i t s no inspteach n o t f i r s t g e n ]

86 i f Person == [0 0 1 0 1]

87 matrix = A{6};

88 elem=matrix (2) ;

89 mid=matrix (3) ;

90 high=matrix (4) ;

91 assoc=matrix (5) ;

92 bach=matrix (6) ;

93 mast=matrix (7) ;

94 phd=matrix (8) ;

95 end

96 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

97 % Case 7 : [male White c v i s i t s inspteach f i r s t g e n ]

98 i f Person == [0 0 1 1 0]

99 matrix = A{7};

100 elem=matrix (2) ;

101 mid=matrix (3) ;

102 high=matrix (4) ;

103 assoc=matrix (5) ;

104 bach=matrix (6) ;

105 mast=matrix (7) ;

106 phd=matrix (8) ;

107 end

108 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

109 % Case 8 : [male White c v i s i t s inspteach n o t f i r s t g e n ]

110 i f Person == [0 0 1 1 1]

111 matrix = A{8};

112 elem=matrix (2) ;

113 mid=matrix (3) ;

114 high=matrix (4) ;

115 assoc=matrix (5) ;

116 bach=matrix (6) ;

117 mast=matrix (7) ;

118 phd=matrix (8) ;

119 end

120 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

121 % Case 9 : [male Black n o c v i s i t s no inspteach f i r s t g e n ]

122 i f Person == [0 1 0 0 0]

123 matrix = A{9};

124 elem=matrix (2) ;

125 mid=matrix (3) ;

126 high=matrix (4) ;

127 assoc=matrix (5) ;

128 bach=matrix (6) ;

129 mast=matrix (7) ;

130 phd=matrix (8) ;

131 end

132 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

133 % Case 10 : [male Black n o c v i s i t s no inspteach n o t f i r s t g e n ]

134 i f Person == [0 1 0 0 1]

135 matrix = A{10};

136 elem=matrix (2) ;

137 mid=matrix (3) ;

138 high=matrix (4) ;

139 assoc=matrix (5) ;

140 bach=matrix (6) ;

141 mast=matrix (7) ;
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142 phd=matrix (8) ;

143 end

144 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

145 % Case 11 : [male Black n o c v i s i t s inspteach f i r s t g e n ]

146 i f Person == [0 1 0 1 0]

147 matrix = A{11};

148 elem=matrix (2) ;

149 mid=matrix (3) ;

150 high=matrix (4) ;

151 assoc=matrix (5) ;

152 bach=matrix (6) ;

153 mast=matrix (7) ;

154 phd=matrix (8) ;

155 end

156 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

157 % Case 12 : [male Black n o c v i s i t s inspteach n o t f i r s t g e n ]

158 i f Person == [0 1 0 1 1]

159 matrix = A{12};

160 elem=matrix (2) ;

161 mid=matrix (3) ;

162 high=matrix (4) ;

163 assoc=matrix (5) ;

164 bach=matrix (6) ;

165 mast=matrix (7) ;

166 phd=matrix (8) ;

167 end

168 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

169 % Case 13 : [male Black c v i s i t s no inspteach f i r s t g e n ]

170 i f Person == [0 1 1 0 0]

171 matrix = A{13};

172 elem=matrix (2) ;

173 mid=matrix (3) ;

174 high=matrix (4) ;

175 assoc=matrix (5) ;

176 bach=matrix (6) ;

177 mast=matrix (7) ;

178 phd=matrix (8) ;

179 end

180 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

181 % Case 14 : [male Black c v i s i t s no inspteach n o t f i r s t g e n ]

182 i f Person == [0 1 1 0 1]

183 matrix = A{14};

184 elem=matrix (2) ;

185 mid=matrix (3) ;

186 high=matrix (4) ;

187 assoc=matrix (5) ;

188 bach=matrix (6) ;

189 mast=matrix (7) ;

190 phd=matrix (8) ;

191 end

192 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

193 % Case 15 : [male Black c v i s i t s inspteach f i r s t g e n ]

194 i f Person == [0 1 1 1 0]

195 matrix = A{15};

196 elem=matrix (2) ;

197 mid=matrix (3) ;

198 high=matrix (4) ;

199 assoc=matrix (5) ;

200 bach=matrix (6) ;

201 mast=matrix (7) ;

202 phd=matrix (8) ;

203 end

204 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

205 % Case 16 : [male Black c v i s i t s inspteach n o t f i r s t g e n ]

206 i f Person == [0 1 1 1 1]

207 matrix = A{16};

208 elem=matrix (2) ;

209 mid=matrix (3) ;

210 high=matrix (4) ;

211 assoc=matrix (5) ;

212 bach=matrix (6) ;

213 mast=matrix (7) ;

214 phd=matrix (8) ;

215 end

216 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

217 % Case 17 : [male Other n o c v i s i t s no inspteach f i r s t g e n ]

218 i f Person == [0 2 0 0 0]

219 matrix = A{17};

220 elem=matrix (2) ;

221 mid=matrix (3) ;

222 high=matrix (4) ;

223 assoc=matrix (5) ;

224 bach=matrix (6) ;

225 mast=matrix (7) ;

226 phd=matrix (8) ;

227 end

228 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

229 % Case 18 : [male Other n o c v i s i t s no inspteach n o t f i r s t g e n ]

230 i f Person == [0 2 0 0 1]

231 matrix = A{18};

232 elem=matrix (2) ;

233 mid=matrix (3) ;

234 high=matrix (4) ;

235 assoc=matrix (5) ;

236 bach=matrix (6) ;

237 mast=matrix (7) ;

238 phd=matrix (8) ;

239 end

240 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

241 % Case 19 : [male Other n o c v i s i t s inspteach f i r s t g e n ]

242 i f Person == [0 2 0 1 0]

243 matrix = A{19};

244 elem=matrix (2) ;

245 mid=matrix (3) ;

246 high=matrix (4) ;

247 assoc=matrix (5) ;

248 bach=matrix (6) ;

249 mast=matrix (7) ;

250 phd=matrix (8) ;

251 end

252 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

253 % Case 20 : [male Other n o c v i s i t s inspteach n o t f i r s t g e n ]

254 i f Person == [0 2 0 1 1]

255 matrix = A{20};

256 elem=matrix (2) ;

257 mid=matrix (3) ;

258 high=matrix (4) ;

259 assoc=matrix (5) ;

260 bach=matrix (6) ;

261 mast=matrix (7) ;

262 phd=matrix (8) ;

263 end

264 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

265 % Case 21 : [male Other c v i s i t s no inspteach f i r s t g e n ]

266 i f Person == [0 2 1 0 0]

267 matrix = A{21};

268 elem=matrix (2) ;

269 mid=matrix (3) ;

270 high=matrix (4) ;

271 assoc=matrix (5) ;
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272 bach=matrix (6) ;

273 mast=matrix (7) ;

274 phd=matrix (8) ;

275 end

276 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

277 % Case 22 : [male Other c v i s i t s no inspteach n o t f i r s t g e n ]

278 i f Person == [0 2 1 0 1]

279 matrix = A{22};

280 elem=matrix (2) ;

281 mid=matrix (3) ;

282 high=matrix (4) ;

283 assoc=matrix (5) ;

284 bach=matrix (6) ;

285 mast=matrix (7) ;

286 phd=matrix (8) ;

287 end

288 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

289 % Case 23 : [male Other c v i s i t s inspteach f i r s t g e n ]

290 i f Person == [0 2 1 1 0]

291 matrix = A{23};

292 elem=matrix (2) ;

293 mid=matrix (3) ;

294 high=matrix (4) ;

295 assoc=matrix (5) ;

296 bach=matrix (6) ;

297 mast=matrix (7) ;

298 phd=matrix (8) ;

299 end

300 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

301 % Case 24 : [male Other c v i s i t s inspteach n o t f i r s t g e n ]

302 i f Person == [0 2 1 1 1]

303 matrix = A{24};

304 elem=matrix (2) ;

305 mid=matrix (3) ;

306 high=matrix (4) ;

307 assoc=matrix (5) ;

308 bach=matrix (6) ;

309 mast=matrix (7) ;

310 phd=matrix (8) ;

311 end

312 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

313 % Case 25 : [ female White n o c v i s i t s no inspteach f i r s t g e n ]

314 i f Person == [1 0 0 0 0]

315 matrix = A{25};

316 elem=matrix (2) ;

317 mid=matrix (3) ;

318 high=matrix (4) ;

319 assoc=matrix (5) ;

320 bach=matrix (6) ;

321 mast=matrix (7) ;

322 phd=matrix (8) ;

323 end

324 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

325 % Case 26 : [ female White n o c v i s i t s no inspteach n o t f i r s t g e n ]

326 i f Person == [1 0 0 0 1]

327 matrix = A{26};

328 elem=matrix (2) ;

329 mid=matrix (3) ;

330 high=matrix (4) ;

331 assoc=matrix (5) ;

332 bach=matrix (6) ;

333 mast=matrix (7) ;

334 phd=matrix (8) ;

335 end

336 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

337 % Case 27 : [ female White n o c v i s i t s inspteach f i r s t g e n ]

338 i f Person == [1 0 0 1 0]

339 matrix = A{27};

340 elem=matrix (2) ;

341 mid=matrix (3) ;

342 high=matrix (4) ;

343 assoc=matrix (5) ;

344 bach=matrix (6) ;

345 mast=matrix (7) ;

346 phd=matrix (8) ;

347 end

348 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

349 % Case 28 : [ female White n o c v i s i t s inspteach n o t f i r s t g e n ]

350 i f Person == [1 0 0 1 1]

351 matrix = A{28};

352 elem=matrix (2) ;

353 mid=matrix (3) ;

354 high=matrix (4) ;

355 assoc=matrix (5) ;

356 bach=matrix (6) ;

357 mast=matrix (7) ;

358 phd=matrix (8) ;

359 end

360 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

361 % Case 29 : [ female White c v i s i t s no inspteach f i r s t g e n ]

362 i f Person == [1 0 1 0 0]

363 matrix = A{29};

364 elem=matrix (2) ;

365 mid=matrix (3) ;

366 high=matrix (4) ;

367 assoc=matrix (5) ;

368 bach=matrix (6) ;

369 mast=matrix (7) ;

370 phd=matrix (8) ;

371 end

372 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

373 % Case 30 : [ female White c v i s i t s no inspteach n o t f i r s t g e n ]

374 i f Person == [1 0 1 0 1]

375 matrix = A{30};

376 elem=matrix (2) ;

377 mid=matrix (3) ;

378 high=matrix (4) ;

379 assoc=matrix (5) ;

380 bach=matrix (6) ;

381 mast=matrix (7) ;

382 phd=matrix (8) ;

383 end

384 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

385 % Case 31 : [ female White c v i s i t s inspteach f i r s t g e n ]

386 i f Person == [1 0 1 1 0]

387 matrix = A{31};

388 elem=matrix (2) ;

389 mid=matrix (3) ;

390 high=matrix (4) ;

391 assoc=matrix (5) ;

392 bach=matrix (6) ;

393 mast=matrix (7) ;

394 phd=matrix (8) ;

395 end

396 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

397 % Case 32 : [ female White c v i s i t s inspteach n o t f i r s t g e n ]

398 i f Person == [1 0 1 1 1]

399 matrix = A{32};

400 elem=matrix (2) ;

401 mid=matrix (3) ;
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402 high=matrix (4) ;

403 assoc=matrix (5) ;

404 bach=matrix (6) ;

405 mast=matrix (7) ;

406 phd=matrix (8) ;

407 end

408 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

409 % Case 33 : [ female Black n o c v i s i t s no inspteach f i r s t g e n ]

410 i f Person == [1 1 0 0 0]

411 matrix = A{33};

412 elem=matrix (2) ;

413 mid=matrix (3) ;

414 high=matrix (4) ;

415 assoc=matrix (5) ;

416 bach=matrix (6) ;

417 mast=matrix (7) ;

418 phd=matrix (8) ;

419 end

420 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

421 % Case 34 : [ female Black n o c v i s i t s no inspteach n o t f i r s t g e n ]

422 i f Person == [1 1 0 0 1]

423 matrix = A{34};

424 elem=matrix (2) ;

425 mid=matrix (3) ;

426 high=matrix (4) ;

427 assoc=matrix (5) ;

428 bach=matrix (6) ;

429 mast=matrix (7) ;

430 phd=matrix (8) ;

431 end

432 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

433 % Case 35 : [ female Black n o c v i s i t s inspteach f i r s t g e n ]

434 i f Person == [1 1 0 1 0]

435 matrix = A{35};

436 elem=matrix (2) ;

437 mid=matrix (3) ;

438 high=matrix (4) ;

439 assoc=matrix (5) ;

440 bach=matrix (6) ;

441 mast=matrix (7) ;

442 phd=matrix (8) ;

443 end

444 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

445 % Case 36 : [ female Black n o c v i s i t s inspteach n o t f i r s t g e n ]

446 i f Person == [1 1 0 1 1]

447 matrix = A{36};

448 elem=matrix (2) ;

449 mid=matrix (3) ;

450 high=matrix (4) ;

451 assoc=matrix (5) ;

452 bach=matrix (6) ;

453 mast=matrix (7) ;

454 phd=matrix (8) ;

455 end

456 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

457 % Case 37 : [ female Black c v i s i t s no inspteach f i r s t g e n ]

458 i f Person == [1 1 1 0 0]

459 matrix = A{37};

460 elem=matrix (2) ;

461 mid=matrix (3) ;

462 high=matrix (4) ;

463 assoc=matrix (5) ;

464 bach=matrix (6) ;

465 mast=matrix (7) ;

466 phd=matrix (8) ;

467 end

468 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

469 % Case 38 : [ female Black c v i s i t s no inspteach n o t f i r s t g e n ]

470 i f Person == [1 1 1 0 1]

471 matrix = A{38};

472 elem=matrix (2) ;

473 mid=matrix (3) ;

474 high=matrix (4) ;

475 assoc=matrix (5) ;

476 bach=matrix (6) ;

477 mast=matrix (7) ;

478 phd=matrix (8) ;

479 end

480 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

481 % Case 39 : [ female Black c v i s i t s inspteach f i r s t g e n ]

482 i f Person == [1 1 1 1 0]

483 matrix = A{39};

484 elem=matrix (2) ;

485 mid=matrix (3) ;

486 high=matrix (4) ;

487 assoc=matrix (5) ;

488 bach=matrix (6) ;

489 mast=matrix (7) ;

490 phd=matrix (8) ;

491 end

492 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

493 % Case 40 : [ female Black c v i s i t s inspteach n o t f i r s t g e n ]

494 i f Person == [1 1 1 1 1]

495 matrix = A{40};

496 elem=matrix (2) ;

497 mid=matrix (3) ;

498 high=matrix (4) ;

499 assoc=matrix (5) ;

500 bach=matrix (6) ;

501 mast=matrix (7) ;

502 phd=matrix (8) ;

503 end

504 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

505 % Case 41 : [ female Other n o c v i s i t s no inspteach f i r s t g e n ]

506 i f Person == [1 2 0 0 0]

507 matrix = A{41};

508 elem=matrix (2) ;

509 mid=matrix (3) ;

510 high=matrix (4) ;

511 assoc=matrix (5) ;

512 bach=matrix (6) ;

513 mast=matrix (7) ;

514 phd=matrix (8) ;

515 end

516 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

517 % Case 42 : [ female Other n o c v i s i t s no inspteach n o t f i r s t g e n ]

518 i f Person == [1 2 0 0 1]

519 matrix = A{42};

520 elem=matrix (2) ;

521 mid=matrix (3) ;

522 high=matrix (4) ;

523 assoc=matrix (5) ;

524 bach=matrix (6) ;

525 mast=matrix (7) ;

526 phd=matrix (8) ;

527 end

528 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

529 % Case 43 : [ female Other n o c v i s i t s inspteach f i r s t g e n ]

530 i f Person == [1 2 0 1 0]

531 matrix = A{43};

53



532 elem=matrix (2) ;

533 mid=matrix (3) ;

534 high=matrix (4) ;

535 assoc=matrix (5) ;

536 bach=matrix (6) ;

537 mast=matrix (7) ;

538 phd=matrix (8) ;

539 end

540 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

541 % Case 44 : [ female Other n o c v i s i t s inspteach n o t f i r s t g e n ]

542 i f Person == [1 2 0 1 1]

543 matrix = A{44};

544 elem=matrix (2) ;

545 mid=matrix (3) ;

546 high=matrix (4) ;

547 assoc=matrix (5) ;

548 bach=matrix (6) ;

549 mast=matrix (7) ;

550 phd=matrix (8) ;

551 end

552 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

553 % Case 45 : [ female Other c v i s i t s no inspteach f i r s t g e n ]

554 i f Person == [1 2 1 0 0]

555 matrix = A{45};

556 elem=matrix (2) ;

557 mid=matrix (3) ;

558 high=matrix (4) ;

559 assoc=matrix (5) ;

560 bach=matrix (6) ;

561 mast=matrix (7) ;

562 phd=matrix (8) ;

563 end

564 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

565 % Case 46 : [ female Other c v i s i t s no inspteach n o t f i r s t g e n ]

566 i f Person == [1 2 1 0 1]

567 matrix = A{46};

568 elem=matrix (2) ;

569 mid=matrix (3) ;

570 high=matrix (4) ;

571 assoc=matrix (5) ;

572 bach=matrix (6) ;

573 mast=matrix (7) ;

574 phd=matrix (8) ;

575 end

576 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

577 % Case 47 : [ female Other c v i s i t s inspteach f i r s t g e n ]

578 i f Person == [1 2 1 1 0]

579 matrix = A{47};

580 elem=matrix (2) ;

581 mid=matrix (3) ;

582 high=matrix (4) ;

583 assoc=matrix (5) ;

584 bach=matrix (6) ;

585 mast=matrix (7) ;

586 phd=matrix (8) ;

587 end

588 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

589 % Case 48 : [ female Other c v i s i t s inspteach n o t f i r s t g e n ]

590 i f Person == [1 2 1 1 1]

591 matrix = A{48};

592 elem=matrix (2) ;

593 mid=matrix (3) ;

594 high=matrix (4) ;

595 assoc=matrix (5) ;

596 bach=matrix (6) ;

597 mast=matrix (7) ;

598 phd=matrix (8) ;

599 end

600 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

601 a=zeros (1 ,8) ; %Creates array of zeros with sp e c i f i e d

s i z e

602 [rows , columns]= s i z e (a) ;

603

604

605 a (1) =1; %Represents the indiv idua l who wi l l

606 %move through the l e v e l s of educ

607 %based on t h e i r assigned values

608 i f rand < elem

609 a (1)=a (1)−1;

610 a (2)=a (2) +1;

611 i f rand < mid

612 a (2)=a (2)−1;

613 a (3)=a (3) +1;

614 i f rand < high

615 a (3)=a (3)−1;

616 a (4)=a (4) +1;

617 i f rand < assoc

618 a (4)=a (4)−1;

619 a (5)=a (5) +1;

620 i f rand < bach

621 a (5)=a (5)−1;

622 a (6)=a (6) +1;

623 i f rand < mast

624 a (6)=a (6)−1;

625 a (7)=a (7) +1;

626 i f rand < phd

627 a (7)=a (7)−1;

628 a (8)=a (8) +1;

629 end

630 end

631 end

632 end

633 end

634 end

635 end

636

637 i f a (1)==1

638 outcome = 1 ; % did not f i n i s h any school ing

639 e l s e i f a (2) ==1

640 outcome = 2 ; % only completed elementary

641 e l s e i f a (3)==1

642 outcome = 3 ; % only completed middle school

643 e l s e i f a (4)==1

644 outcome = 4 ; % only completed high school

645 e l s e i f a (5) ==1

646 outcome = 5 ; % only completed assoc i a t e ’ s

647 e l s e i f a (6)==1

648 outcome = 6 ; % only completed bachelor ’ s

649 e l s e i f a (7)==1

650 outcome = 7 ; % only completed master ’ s

651 e l s e i f a (8)==1

652 outcome = 8 ; % completed phd

653 e l s e

654 outcome = 0 ;

655 end
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C.4 Generating Data and Running Educational Outcomes

1 % Singular Model ([1 0 1 1 1] ,1)

2

3 % Generating Condit ional P r o b a b i l i t i e s

4 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

5 numppl = 200000 ;

6

7 C1 = rand(numppl , 1 ) ; %Gender

8 C2 = rand(numppl , 1 ) ; %Race

9 C3 = rand(numppl , 1 ) ; %CVis i t s

10 C4 = rand(numppl , 1 ) ; %InspTeach

11 C5 = rand(numppl , 1 ) ; %ParentEd

12 C6 = rand(numppl , 1 ) ; %Outcome (0−7)

13 randmat = horzcat (C1 , C2 , C3 , C4 , C5 , C6) ;

14 sampledata = zeros (numppl , 6 ) ;

15 % ass igning gender

16 fo r j =1:numppl

17 i f randmat( j , 1 )<.5

18 sampledata ( j , 1 ) =0;

19 e l s e

20 sampledata ( j , 1 ) =1;

21 end

22 end

23 % ass igning race

24 fo r j =1:numppl

25 i f randmat( j , 2 ) <.785535

26 sampledata ( j , 2 ) =0;

27 e l s e i f ( .785535 <= randmat( j , 2 ) )&& (randmat( j , 2 ) <.908575)

28 sampledata ( j , 2 ) =1;

29 e l s e

30 sampledata ( j , 2 ) =2;

31 end

32 end

33 % ass igning c v i s i t s

34 fo r j =1:numppl

35 i f randmat( j , 3 ) <.240862

36 sampledata ( j , 3 ) =1;

37 e l s e

38 sampledata ( j , 3 ) =0;

39 end

40 end

41 % ass igning inspteach

42 fo r j =1:numppl

43 i f randmat( j , 4 ) <.124031

44 sampledata ( j , 3 ) =0;

45 e l s e

46 sampledata ( j , 4 ) =1;

47 end

48 end

49 % ass igning parenteduc

50 fo r j =1:numppl

51 i f randmat( j , 5 ) <.315384615

52 sampledata ( j , 5 ) =0;

53 e l s e

54 sampledata ( j , 5 ) =1;

55 end

56 end

57 % ass igning outcome

58 for j =1:numppl

59 i f randmat( j , 6 ) <.0063

60 sampledata ( j , 6 ) =0;

61 e l s e i f ( . 0063 <= randmat( j , 6 ) )&& (randmat( j , 6 ) <.0203)

62 sampledata ( j , 6 ) =1;

63 e l s e i f ( . 0203 <= randmat( j , 6 ) )&& (randmat( j , 6 ) <.0985)

64 sampledata ( j , 6 ) =2;

65 e l s e i f ( . 0985 <= randmat( j , 6 ) )&& (randmat( j , 6 ) <.5449)

66 sampledata ( j , 6 ) =3;

67 e l s e i f ( . 5449 <= randmat( j , 6 ) )&& (randmat( j , 6 ) <.6467)

68 sampledata ( j , 6 ) =4;

69 e l s e i f ( . 6467 <= randmat( j , 6 ) )&& (randmat( j , 6 ) <.8661)

70 sampledata ( j , 6 ) =5;

71 e l s e i f ( . 8661 <= randmat( j , 6 ) )&& (randmat( j , 6 ) <.9763)

72 sampledata ( j , 6 ) =6;

73 e l s e

74 sampledata ( j , 6 ) =7;

75 end

76 end

77

78 C = unique( sampledata ) ;

79 sampledataout = [C, h i s t c ( sampledata ,C) ] ;

80

81

82 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

83 % Value Gender Race CVis i t s InspTeach ParentEd

84 %−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

85 % 0 Male White No No F i r s t gen

86 % 1 Female Black Yes Yes Not f i r s t gen

87 % 2 Other

88 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

89 fwyyf mat (1 ,6) =0;

90 fwyyn mat (1 ,6) =0;

91 fwynf mat (1 ,6) =0;

92 fwynn mat (1 ,6) =0;

93 fwnyf mat (1 ,6) =0;

94 fwnyn mat (1 ,6) =0;

95 fwnnf mat (1 ,6) =0;

96 fwnnn mat (1 ,6) =0;

97

98 fbyyf mat (1 ,6) =0;

99 fbyyn mat (1 ,6) =0;

100 fbynf mat (1 ,6) =0;

101 fbynn mat (1 ,6) =0;

102 fbnyf mat (1 ,6) =0;

103 fbnyn mat (1 ,6) =0;

104 fbnnf mat (1 ,6) =0;

105 fbnnn mat (1 ,6) =0;

106

107 foyyf mat (1 ,6) =0;

108 foyyn mat (1 ,6) =0;

109 foynf mat (1 ,6) =0;

110 foynn mat (1 ,6) =0;

111 fonyf mat (1 ,6) =0;

112 fonyn mat (1 ,6) =0;

113 fonnf mat (1 ,6) =0;

114 fonnn mat (1 ,6) =0;

115

116 mwyyf mat(1 ,6) =0;

117 mwyyn mat(1 ,6) =0;

118 mwynf mat(1 ,6) =0;

119 mwynn mat(1 ,6) =0;

120 mwnyf mat(1 ,6) =0;

121 mwnyn mat(1 ,6) =0;

122 mwnnf mat(1 ,6) =0;
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123 mwnnn mat(1 ,6) =0;

124

125 mbyyf mat (1 ,6) =0;

126 mbyyn mat (1 ,6) =0;

127 mbynf mat (1 ,6) =0;

128 mbynn mat(1 ,6) =0;

129 mbnyf mat (1 ,6) =0;

130 mbnyn mat(1 ,6) =0;

131 mbnnf mat (1 ,6) =0;

132 mbnnn mat(1 ,6) =0;

133

134 moyyf mat (1 ,6) =0;

135 moyyn mat (1 ,6) =0;

136 moynf mat (1 ,6) =0;

137 moynn mat(1 ,6) =0;

138 monyf mat (1 ,6) =0;

139 monyn mat(1 ,6) =0;

140 monnf mat (1 ,6) =0;

141 monnn mat(1 ,6) =0;

142

143 for i =1:numppl

144 i f sampledata ( i , 1 : 5 ) ==[0 0 0 0 0]

145 mwnnf mat(end+1 , :)=sampledata ( i , : ) ;

146 e l s e i f sampledata ( i , 1 : 5 ) ==[0 0 0 0 1]

147 mwnnn mat(end+1 , :)=sampledata ( i , : ) ;

148 e l s e i f sampledata ( i , 1 : 5 ) ==[0 0 0 1 0]

149 mwnyf mat(end+1 , :)=sampledata ( i , : ) ;

150 e l s e i f sampledata ( i , 1 : 5 ) ==[0 0 0 1 1]

151 mwnyn mat(end+1 , :)=sampledata ( i , : ) ;

152 e l s e i f sampledata ( i , 1 : 5 ) ==[0 0 1 0 0]

153 mwynf mat(end+1 , :)=sampledata ( i , : ) ;

154 e l s e i f sampledata ( i , 1 : 5 ) ==[0 0 1 0 1]

155 mwynn mat(end+1 , :)=sampledata ( i , : ) ;

156 e l s e i f sampledata ( i , 1 : 5 ) ==[0 0 1 1 0]

157 mwyyf mat(end+1 , :)=sampledata ( i , : ) ;

158 e l s e i f sampledata ( i , 1 : 5 ) ==[0 0 1 1 1]

159 mwyyn mat(end+1 , :)=sampledata ( i , : ) ;

160

161 e l s e i f sampledata ( i , 1 : 5 ) ==[0 1 0 0 0]

162 mbnnf mat(end+1 , :)=sampledata ( i , : ) ;

163 e l s e i f sampledata ( i , 1 : 5 ) ==[0 1 0 0 1]

164 mbnnn mat(end+1 , :)=sampledata ( i , : ) ;

165 e l s e i f sampledata ( i , 1 : 5 ) ==[0 1 0 1 0]

166 mbnyf mat(end+1 , :)=sampledata ( i , : ) ;

167 e l s e i f sampledata ( i , 1 : 5 ) ==[0 1 0 1 1]

168 mbnyn mat(end+1 , :)=sampledata ( i , : ) ;

169 e l s e i f sampledata ( i , 1 : 5 ) ==[0 1 1 0 0]

170 mbynf mat(end+1 , :)=sampledata ( i , : ) ;

171 e l s e i f sampledata ( i , 1 : 5 ) ==[0 1 1 0 1]

172 mbynn mat(end+1 , :)=sampledata ( i , : ) ;

173 e l s e i f sampledata ( i , 1 : 5 ) ==[0 1 1 1 0]

174 mbyyf mat(end+1 , :)=sampledata ( i , : ) ;

175 e l s e i f sampledata ( i , 1 : 5 ) ==[0 1 1 1 1]

176 mbyyn mat(end+1 , :)=sampledata ( i , : ) ;

177

178 e l s e i f sampledata ( i , 1 : 5 ) ==[0 2 0 0 0]

179 monnf mat(end+1 , :)=sampledata ( i , : ) ;

180 e l s e i f sampledata ( i , 1 : 5 ) ==[0 2 0 0 1]

181 monnn mat(end+1 , :)=sampledata ( i , : ) ;

182 e l s e i f sampledata ( i , 1 : 5 ) ==[0 2 0 1 0]

183 monyf mat(end+1 , :)=sampledata ( i , : ) ;

184 e l s e i f sampledata ( i , 1 : 5 ) ==[0 2 0 1 1]

185 monyn mat(end+1 , :)=sampledata ( i , : ) ;

186 e l s e i f sampledata ( i , 1 : 5 ) ==[0 2 1 0 0]

187 moynf mat(end+1 , :)=sampledata ( i , : ) ;

188 e l s e i f sampledata ( i , 1 : 5 ) ==[0 2 1 0 1]

189 moynn mat(end+1 , :)=sampledata ( i , : ) ;

190 e l s e i f sampledata ( i , 1 : 5 ) ==[0 2 1 1 0]

191 moyyf mat(end+1 , :)=sampledata ( i , : ) ;

192 e l s e i f sampledata ( i , 1 : 5 ) ==[0 2 1 1 1]

193 moyyn mat(end+1 , :)=sampledata ( i , : ) ;

194

195

196 e l s e i f sampledata ( i , 1 : 5 ) ==[1 0 0 0 0]

197 fwnnf mat (end+1 , :)=sampledata ( i , : ) ;

198 e l s e i f sampledata ( i , 1 : 5 ) ==[1 0 0 0 1]

199 fwnnn mat(end+1 , :)=sampledata ( i , : ) ;

200 e l s e i f sampledata ( i , 1 : 5 ) ==[1 0 0 1 0]

201 fwnyf mat (end+1 , :)=sampledata ( i , : ) ;

202 e l s e i f sampledata ( i , 1 : 5 ) ==[1 0 0 1 1]

203 fwnyn mat(end+1 , :)=sampledata ( i , : ) ;

204 e l s e i f sampledata ( i , 1 : 5 ) ==[1 0 1 0 0]

205 fwynf mat (end+1 , :)=sampledata ( i , : ) ;

206 e l s e i f sampledata ( i , 1 : 5 ) ==[1 0 1 0 1]

207 fwynn mat(end+1 , :)=sampledata ( i , : ) ;

208 e l s e i f sampledata ( i , 1 : 5 ) ==[1 0 1 1 0]

209 fwyyf mat (end+1 , :)=sampledata ( i , : ) ;

210 e l s e i f sampledata ( i , 1 : 5 ) ==[1 0 1 1 1]

211 fwyyn mat(end+1 , :)=sampledata ( i , : ) ;

212

213 e l s e i f sampledata ( i , 1 : 5 ) ==[1 1 0 0 0]

214 fbnnf mat (end+1 , :)=sampledata ( i , : ) ;

215 e l s e i f sampledata ( i , 1 : 5 ) ==[1 1 0 0 1]

216 fbnnn mat (end+1 , :)=sampledata ( i , : ) ;

217 e l s e i f sampledata ( i , 1 : 5 ) ==[1 1 0 1 0]

218 fbnyf mat (end+1 , :)=sampledata ( i , : ) ;

219 e l s e i f sampledata ( i , 1 : 5 ) ==[1 1 0 1 1]

220 fbnyn mat (end+1 , :)=sampledata ( i , : ) ;

221 e l s e i f sampledata ( i , 1 : 5 ) ==[1 1 1 0 0]

222 fbynf mat (end+1 , :)=sampledata ( i , : ) ;

223 e l s e i f sampledata ( i , 1 : 5 ) ==[1 1 1 0 1]

224 fbynn mat (end+1 , :)=sampledata ( i , : ) ;

225 e l s e i f sampledata ( i , 1 : 5 ) ==[1 1 1 1 0]

226 fbyyf mat (end+1 , :)=sampledata ( i , : ) ;

227 e l s e i f sampledata ( i , 1 : 5 ) ==[1 1 1 1 1]

228 fbyyn mat (end+1 , :)=sampledata ( i , : ) ;

229

230 e l s e i f sampledata ( i , 1 : 5 ) ==[1 2 0 0 0]

231 fonnf mat (end+1 , :)=sampledata ( i , : ) ;

232 e l s e i f sampledata ( i , 1 : 5 ) ==[1 2 0 0 1]

233 fonnn mat (end+1 , :)=sampledata ( i , : ) ;

234 e l s e i f sampledata ( i , 1 : 5 ) ==[1 2 0 1 0]

235 fonyf mat (end+1 , :)=sampledata ( i , : ) ;

236 e l s e i f sampledata ( i , 1 : 5 ) ==[1 2 0 1 1]

237 fonyn mat (end+1 , :)=sampledata ( i , : ) ;

238 e l s e i f sampledata ( i , 1 : 5 ) ==[1 2 1 0 0]

239 foynf mat (end+1 , :)=sampledata ( i , : ) ;

240 e l s e i f sampledata ( i , 1 : 5 ) ==[1 2 1 0 1]

241 foynn mat (end+1 , :)=sampledata ( i , : ) ;

242 e l s e i f sampledata ( i , 1 : 5 ) ==[1 2 1 1 0]

243 foyyf mat (end+1 , :)=sampledata ( i , : ) ;

244 e l s e i f sampledata ( i , 1 : 5 ) ==[1 2 1 1 1]

245 foyyn mat (end+1 , :)=sampledata ( i , : ) ;

246

247 end

248 end

249 count=[unique( fwyyf mat ) , h i s t c ( fwyyf mat , unique( fwyyf mat ) ) ] ;

250 pct=count ( : , 7 ) . / length ( fwyyf mat ) ;

251 fwyyf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

252 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)
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253 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

254 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

255 pct (5)+pct (6)+pct (7)+pct (8)

256 pct (6)+pct (7)+pct (8)

257 pct (7)+pct (8)

258 pct (8) ] ;

259 count=[unique(fwyyn mat) , h i s t c ( fwyyn mat , unique(fwyyn mat) ) ] ;

260 i f length ( count )>2

261 pct=count ( : , 7 ) . / length (fwyyn mat) ;

262 fwyyn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

263 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

264 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

265 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

266 pct (5)+pct (6)+pct (7)+pct (8)

267 pct (6)+pct (7)+pct (8)

268 pct (7)+pct (8)

269 pct (8) ] ;

270 end

271 count=[unique( fwynf mat ) , h i s t c ( fwynf mat , unique( fwynf mat ) ) ] ;

272 i f length ( count )>2

273 pct=count ( : , 7 ) . / length ( fwynf mat ) ;

274 fwynf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+

pct (8)

275 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

276 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

277 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

278 pct (5)+pct (6)+pct (7)+pct (8)

279 pct (6)+pct (7)+pct (8)

280 pct (7)+pct (8)

281 pct (8) ] ;

282 e l s e

283 fwynf cum pct=[1

284 .9909

285 .9775

286 .9079

287 .4224

288 .3553

289 .1324

290 . 0 1 5 6 ] ;

291 end

292 count=[unique(fwynn mat) , h i s t c (fwynn mat , unique(fwynn mat) ) ] ;

293 i f length ( count )>2

294 pct=count ( : , 7 ) . / length (fwynn mat) ;

295 fwynn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

296 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

297 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

298 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

299 pct (5)+pct (6)+pct (7)+pct (8)

300 pct (6)+pct (7)+pct (8)

301 pct (7)+pct (8)

302 pct (8) ] ;

303 e l s e

304 fwynn cum pct=[1

305 .9909

306 .9775

307 .9079

308 .4224

309 .3553

310 .1324

311 . 0 1 5 6 ] ;

312 end

313 count=[unique( fwnyf mat ) , h i s t c ( fwnyf mat , unique( fwnyf mat ) ) ] ;

314 pct=count ( : , 7 ) . / length ( fwnyf mat ) ;

315 fwnyf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

316 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

317 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

318 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

319 pct (5)+pct (6)+pct (7)+pct (8)

320 pct (6)+pct (7)+pct (8)

321 pct (7)+pct (8)

322 pct (8) ] ;

323 count=[unique(fwnyn mat) , h i s t c (fwnyn mat , unique(fwnyn mat) ) ] ;

324 pct=count ( : , 7 ) . / length (fwnyn mat) ;

325 fwnyn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

326 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

327 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

328 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

329 pct (5)+pct (6)+pct (7)+pct (8)

330 pct (6)+pct (7)+pct (8)

331 pct (7)+pct (8)

332 pct (8) ] ;

333 count=[unique( fwnnf mat ) , h i s t c ( fwnnf mat , unique( fwnnf mat ) ) ] ;

334 pct=count ( : , 7 ) . / length ( fwnnf mat ) ;

335 fwnnf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

336 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

337 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

338 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

339 pct (5)+pct (6)+pct (7)+pct (8)

340 pct (6)+pct (7)+pct (8)

341 pct (7)+pct (8)

342 pct (8) ] ;

343 count=[unique(fwnnn mat) , h i s t c (fwnnn mat , unique(fwnnn mat) ) ] ;

344 pct=count ( : , 7 ) . / length (fwnnn mat) ;

345 fwnnn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

346 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

347 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

348 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

349 pct (5)+pct (6)+pct (7)+pct (8)

350 pct (6)+pct (7)+pct (8)

351 pct (7)+pct (8)

352 pct (8) ] ;

353 count=[unique(fwnnn mat) , h i s t c (fwnnn mat , unique(fwnnn mat) ) ] ;

354 pct=count ( : , 7 ) . / length (fwnnn mat) ;

355 fwnnn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

356 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

357 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

358 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

359 pct (5)+pct (6)+pct (7)+pct (8)

360 pct (6)+pct (7)+pct (8)

361 pct (7)+pct (8)

362 pct (8) ] ;

363 count=[unique( fbyyf mat ) , h i s t c ( fbyyf mat , unique( fbyyf mat ) ) ] ;

364 pct=count ( : , 7 ) . / length ( fbyyf mat ) ;

365 fbyyf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

366 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

367 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

368 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

369 pct (5)+pct (6)+pct (7)+pct (8)

370 pct (6)+pct (7)+pct (8)

371 pct (7)+pct (8)

372 pct (8) ] ;

373 count=[unique( fbyyn mat ) , h i s t c ( fbyyn mat , unique( fbyyn mat ) ) ] ;

374 pct=count ( : , 7 ) . / length ( fbyyn mat ) ;

375 fbyyn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

376 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

377 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

378 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

379 pct (5)+pct (6)+pct (7)+pct (8)

380 pct (6)+pct (7)+pct (8)

381 pct (7)+pct (8)
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382 pct (8) ] ;

383 count=[unique( fbynf mat ) , h i s t c ( fbynf mat , unique( fbynf mat ) ) ] ;

384 i f length ( count )>2

385 pct=count ( : , 7 ) . / length ( fbynf mat ) ;

386 fbynf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

387 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

388 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

389 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

390 pct (5)+pct (6)+pct (7)+pct (8)

391 pct (6)+pct (7)+pct (8)

392 pct (7)+pct (8)

393 pct (8) ] ;

394 e l s e

395 fbynf cum pct=[1

396 .9919

397 .9852

398 .8812

399 .3377

400 .2691

401 .1001

402 . 0 1 2 6 ] ;

403 end

404 count=[unique( fbynn mat ) , h i s t c ( fbynn mat , unique( fbynn mat ) ) ] ;

405 i f length ( count )>2

406 pct=count ( : , 7 ) . / length ( fbynn mat ) ;

407 fbynn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

408 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

409 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

410 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

411 pct (5)+pct (6)+pct (7)+pct (8)

412 pct (6)+pct (7)+pct (8)

413 pct (7)+pct (8)

414 pct (8) ] ;

415 e l s e

416 fbynn cum pct=[1

417 .9919

418 .9852

419 .8812

420 .3377

421 .2691

422 .1001

423 . 0 1 2 6 ] ;

424 end

425 count=[unique( fbnyf mat ) , h i s t c ( fbnyf mat , unique( fbnyf mat ) ) ] ;

426 pct=count ( : , 7 ) . / length ( fbnyf mat ) ;

427 fbnyf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

428 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

429 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

430 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

431 pct (5)+pct (6)+pct (7)+pct (8)

432 pct (6)+pct (7)+pct (8)

433 pct (7)+pct (8)

434 pct (8) ] ;

435 count=[unique( fbnyn mat ) , h i s t c ( fbnyn mat , unique( fbnyn mat ) ) ] ;

436 pct=count ( : , 7 ) . / length ( fbnyn mat ) ;

437 fbnyn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

438 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

439 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

440 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

441 pct (5)+pct (6)+pct (7)+pct (8)

442 pct (6)+pct (7)+pct (8)

443 pct (7)+pct (8)

444 pct (8) ] ;

445 count=[unique( fbnnf mat ) , h i s t c ( fbnnf mat , unique( fbnnf mat ) ) ] ;

446 pct=count ( : , 7 ) . / length ( fbnnf mat ) ;

447 fbnnf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

448 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

449 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

450 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

451 pct (5)+pct (6)+pct (7)+pct (8)

452 pct (6)+pct (7)+pct (8)

453 pct (7)+pct (8)

454 pct (8) ] ;

455 count=[unique( fbnnn mat ) , h i s t c ( fbnnn mat , unique( fbnnn mat ) ) ] ;

456 pct=count ( : , 7 ) . / length ( fbnnn mat ) ;

457 fbnnn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

458 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

459 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

460 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

461 pct (5)+pct (6)+pct (7)+pct (8)

462 pct (6)+pct (7)+pct (8)

463 pct (7)+pct (8)

464 pct (8) ] ;

465 count=[unique( foyyf mat ) , h i s t c ( foyyf mat , unique( foyyf mat ) ) ] ;

466 pct=count ( : , 7 ) . / length ( foyyf mat ) ;

467 foyyf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

468 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

469 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

470 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

471 pct (5)+pct (6)+pct (7)+pct (8)

472 pct (6)+pct (7)+pct (8)

473 pct (7)+pct (8)

474 pct (8) ] ;

475 count=[unique( foyyn mat ) , h i s t c ( foyyn mat , unique( foyyn mat ) ) ] ;

476 pct=count ( : , 7 ) . / length ( foyyn mat ) ;

477 foyyn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

478 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

479 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

480 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

481 pct (5)+pct (6)+pct (7)+pct (8)

482 pct (6)+pct (7)+pct (8)

483 pct (7)+pct (8)

484 pct (8) ] ;

485 count=[unique( foynf mat ) , h i s t c ( foynf mat , unique( foynf mat ) ) ] ;

486 i f length ( count )>2

487 pct=count ( : , 7 ) . / length ( foynf mat ) ;

488 foynf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

489 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

490 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

491 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

492 pct (5)+pct (6)+pct (7)+pct (8)

493 pct (6)+pct (7)+pct (8)

494 pct (7)+pct (8)

495 pct (8) ] ;

496 e l s e

497 foynf cum pct=[1

498 .9946

499 .9910

500 .8559

501 .2230

502 .1887

503 .0253

504 . 0 0 0 6 ] ;

505 end

506 count=[unique( foynn mat ) , h i s t c ( foynn mat , unique( foynn mat ) ) ] ;

507 i f length ( count )>2

508 pct=count ( : , 7 ) . / length ( foynn mat ) ;

509 foynn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

510 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

511 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)
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512 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

513 pct (5)+pct (6)+pct (7)+pct (8)

514 pct (6)+pct (7)+pct (8)

515 pct (7)+pct (8)

516 pct (8) ] ;

517 e l s e

518 foynn cum pct=[1

519 .9946

520 .9910

521 .8559

522 .2230

523 .1887

524 .0253

525 . 0 0 0 6 ] ;

526 end

527 count=[unique( fonyf mat ) , h i s t c ( fonyf mat , unique( fonyf mat ) ) ] ;

528 pct=count ( : , 7 ) . / length ( fonyf mat ) ;

529 fonyf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

530 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

531 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

532 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

533 pct (5)+pct (6)+pct (7)+pct (8)

534 pct (6)+pct (7)+pct (8)

535 pct (7)+pct (8)

536 pct (8) ] ;

537 count=[unique( fonyn mat ) , h i s t c ( fonyn mat , unique( fonyn mat ) ) ] ;

538 pct=count ( : , 7 ) . / length ( fonyn mat ) ;

539 fonyn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

540 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

541 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

542 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

543 pct (5)+pct (6)+pct (7)+pct (8)

544 pct (6)+pct (7)+pct (8)

545 pct (7)+pct (8)

546 pct (8) ] ;

547 count=[unique( fonnf mat ) , h i s t c ( fonnf mat , unique( fonnf mat ) ) ] ;

548 pct=count ( : , 7 ) . / length ( fonnf mat ) ;

549 fonnf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

550 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

551 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

552 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

553 pct (5)+pct (6)+pct (7)+pct (8)

554 pct (6)+pct (7)+pct (8)

555 pct (7)+pct (8)

556 pct (8) ] ;

557 count=[unique( fonnn mat ) , h i s t c ( fonnn mat , unique( fonnn mat ) ) ] ;

558 pct=count ( : , 7 ) . / length ( fonnn mat ) ;

559 fonnn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

560 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

561 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

562 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

563 pct (5)+pct (6)+pct (7)+pct (8)

564 pct (6)+pct (7)+pct (8)

565 pct (7)+pct (8)

566 pct (8) ] ;

567 count=[unique(mwyyf mat) , h i s t c (mwyyf mat , unique(mwyyf mat) ) ] ;

568 pct=count ( : , 7 ) . / length (mwyyf mat) ;

569 mwyyf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

570 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

571 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

572 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

573 pct (5)+pct (6)+pct (7)+pct (8)

574 pct (6)+pct (7)+pct (8)

575 pct (7)+pct (8)

576 pct (8) ] ;

577 count=[unique(mwyyn mat) , h i s t c (mwyyn mat , unique(mwyyn mat) ) ] ;

578 pct=count ( : , 7 ) . / length (mwyyn mat) ;

579 mwyyn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

580 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

581 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

582 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

583 pct (5)+pct (6)+pct (7)+pct (8)

584 pct (6)+pct (7)+pct (8)

585 pct (7)+pct (8)

586 pct (8) ] ;

587 count=[unique(mwynf mat) , h i s t c (mwynf mat , unique(mwynf mat) ) ] ;

588 i f length ( count )>2

589 pct=count ( : , 7 ) . / length (mwynf mat) ;

590 mwynf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

591 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

592 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

593 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

594 pct (5)+pct (6)+pct (7)+pct (8)

595 pct (6)+pct (7)+pct (8)

596 pct (7)+pct (8)

597 pct (8) ] ;

598 e l s e

599 mwynf cum pct=[1

600 .9910

601 .9785

602 .8964

603 .3987

604 .3490

605 .1267

606 . 0 2 3 9 ] ;

607 end

608 count=[unique(mwynn mat) , h i s t c (mwynn mat , unique(mwynn mat) ) ] ;

609 i f length ( count )>2

610 pct=count ( : , 7 ) . / length (mwynn mat) ;

611 mwynn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

612 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

613 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

614 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

615 pct (5)+pct (6)+pct (7)+pct (8)

616 pct (6)+pct (7)+pct (8)

617 pct (7)+pct (8)

618 pct (8) ] ;

619 e l s e

620 mwynn cum pct=[1

621 .9910

622 .9785

623 .8964

624 .3987

625 .3490

626 .1267

627 . 0 2 3 9 ] ;

628

629 end

630 count=[unique(mwnyf mat) , h i s t c (mwnyf mat , unique(mwnyf mat) ) ] ;

631 pct=count ( : , 7 ) . / length (mwnyf mat) ;

632 mwnyf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

633 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

634 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

635 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

636 pct (5)+pct (6)+pct (7)+pct (8)

637 pct (6)+pct (7)+pct (8)

638 pct (7)+pct (8)

639 pct (8) ] ;

640 count=[unique(mwnyn mat) , h i s t c (mwnyn mat , unique(mwnyn mat) ) ] ;

641 pct=count ( : , 7 ) . / length (mwnyn mat) ;
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642 mwnyn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

643 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

644 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

645 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

646 pct (5)+pct (6)+pct (7)+pct (8)

647 pct (6)+pct (7)+pct (8)

648 pct (7)+pct (8)

649 pct (8) ] ;

650 count=[unique(mwnnf mat) , h i s t c (mwnnf mat , unique(mwnnf mat) ) ] ;

651 pct=count ( : , 7 ) . / length (mwnnf mat) ;

652 mwnnf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

653 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

654 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

655 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

656 pct (5)+pct (6)+pct (7)+pct (8)

657 pct (6)+pct (7)+pct (8)

658 pct (7)+pct (8)

659 pct (8) ] ;

660 count=[unique(mwnnn mat) , h i s t c (mwnnn mat , unique(mwnnn mat) ) ] ;

661 pct=count ( : , 7 ) . / length (mwnnn mat) ;

662 mwnnn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

663 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

664 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

665 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

666 pct (5)+pct (6)+pct (7)+pct (8)

667 pct (6)+pct (7)+pct (8)

668 pct (7)+pct (8)

669 pct (8) ] ;

670 count=[unique(mwnnn mat) , h i s t c (mwnnn mat , unique(mwnnn mat) ) ] ;

671 pct=count ( : , 7 ) . / length (mwnnn mat) ;

672 mwnnn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

673 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

674 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

675 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

676 pct (5)+pct (6)+pct (7)+pct (8)

677 pct (6)+pct (7)+pct (8)

678 pct (7)+pct (8)

679 pct (8) ] ;

680 count=[unique(mbyyf mat) , h i s t c (mbyyf mat , unique(mbyyf mat) ) ] ;

681 pct=count ( : , 7 ) . / length (mbyyf mat) ;

682 mbyyf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

683 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

684 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

685 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

686 pct (5)+pct (6)+pct (7)+pct (8)

687 pct (6)+pct (7)+pct (8)

688 pct (7)+pct (8)

689 pct (8) ] ;

690 count=[unique(mbyyn mat) , h i s t c (mbyyn mat , unique(mbyyn mat) ) ] ;

691 pct=count ( : , 7 ) . / length (mbyyn mat) ;

692 mbyyn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

693 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

694 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

695 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

696 pct (5)+pct (6)+pct (7)+pct (8)

697 pct (6)+pct (7)+pct (8)

698 pct (7)+pct (8)

699 pct (8) ] ;

700 count=[unique(mbynf mat) , h i s t c (mbynf mat , unique(mbynf mat) ) ] ;

701 i f length ( count )>2

702 pct=count ( : , 7 ) . / length (mbynf mat) ;

703 mbynf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

704 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

705 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

706 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

707 pct (5)+pct (6)+pct (7)+pct (8)

708 pct (6)+pct (7)+pct (8)

709 pct (7)+pct (8)

710 pct (8) ] ;

711 e l s e

712 mbynf cum pct=[1

713 .9929

714 .9859

715 .8773

716 .2830

717 .2317

718 .0754

719 . 0 1 1 4 ] ;

720 end

721 count=[unique(mbynn mat) , h i s t c (mbynn mat , unique(mbynn mat) ) ] ;

722 i f length ( count )>2

723 pct=count ( : , 7 ) . / length (mbynn mat) ;

724 mbynn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

725 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

726 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

727 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

728 pct (5)+pct (6)+pct (7)+pct (8)

729 pct (6)+pct (7)+pct (8)

730 pct (7)+pct (8)

731 pct (8) ] ;

732 e l s e

733 mbynn cum pct=[1

734 .9929

735 .9859

736 .8773

737 .2830

738 .2317

739 .0754

740 . 0 1 1 4 ] ;

741 end

742 count=[unique(mbnyf mat) , h i s t c (mbnyf mat , unique(mbnyf mat) ) ] ;

743 pct=count ( : , 7 ) . / length (mbnyf mat) ;

744 mbnyf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

745 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

746 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

747 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

748 pct (5)+pct (6)+pct (7)+pct (8)

749 pct (6)+pct (7)+pct (8)

750 pct (7)+pct (8)

751 pct (8) ] ;

752 count=[unique(mbnyn mat) , h i s t c (mbnyn mat , unique(mbnyn mat) ) ] ;

753 pct=count ( : , 7 ) . / length (mbnyn mat) ;

754 mbnyn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

755 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

756 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

757 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

758 pct (5)+pct (6)+pct (7)+pct (8)

759 pct (6)+pct (7)+pct (8)

760 pct (7)+pct (8)

761 pct (8) ] ;

762 count=[unique(mbnnf mat) , h i s t c (mbnnf mat , unique(mbnnf mat) ) ] ;

763 pct=count ( : , 7 ) . / length (mbnnf mat) ;

764 mbnnf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

765 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

766 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

767 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

768 pct (5)+pct (6)+pct (7)+pct (8)

769 pct (6)+pct (7)+pct (8)

770 pct (7)+pct (8)

771 pct (8) ] ;
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772 count=[unique(mbnnn mat) , h i s t c (mbnnn mat , unique(mbnnn mat) ) ] ;

773 pct=count ( : , 7 ) . / length (mbnnn mat) ;

774 mbnnn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

775 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

776 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

777 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

778 pct (5)+pct (6)+pct (7)+pct (8)

779 pct (6)+pct (7)+pct (8)

780 pct (7)+pct (8)

781 pct (8) ] ;

782 count=[unique(moyyf mat) , h i s t c (moyyf mat , unique(moyyf mat) ) ] ;

783 pct=count ( : , 7 ) . / length (moyyf mat) ;

784 moyyf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

785 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

786 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

787 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

788 pct (5)+pct (6)+pct (7)+pct (8)

789 pct (6)+pct (7)+pct (8)

790 pct (7)+pct (8)

791 pct (8) ] ;

792 count=[unique(moyyn mat) , h i s t c (moyyn mat , unique(moyyn mat) ) ] ;

793 pct=count ( : , 7 ) . / length (moyyn mat) ;

794 moyyn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

795 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

796 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

797 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

798 pct (5)+pct (6)+pct (7)+pct (8)

799 pct (6)+pct (7)+pct (8)

800 pct (7)+pct (8)

801 pct (8) ] ;

802 count=[unique(moynf mat) , h i s t c (moynf mat , unique(moynf mat) ) ] ;

803 i f length ( count )>2

804 pct=count ( : , 7 ) . / length (moynf mat) ;

805 moynf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

806 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

807 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

808 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

809 pct (5)+pct (6)+pct (7)+pct (8)

810 pct (6)+pct (7)+pct (8)

811 pct (7)+pct (8)

812 pct (8) ] ;

813 e l s e

814 moynf cum pct=[1

815 .9994

816 .9977

817 .8515

818 .1696

819 .1450

820 .0241

821 . 0 0 5 3 ] ;

822 end

823 count=[unique(moynn mat) , h i s t c (moynn mat , unique(moynn mat) ) ] ;

824 i f length ( count )>2

825 pct=count ( : , 7 ) . / length (moynn mat) ;

826 moynn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

827 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

828 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

829 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

830 pct (5)+pct (6)+pct (7)+pct (8)

831 pct (6)+pct (7)+pct (8)

832 pct (7)+pct (8)

833 pct (8) ] ;

834 e l s e

835 moynn cum pct=[1

836 .9994

837 .9977

838 .8515

839 .1696

840 .1450

841 .0241

842 . 0 0 5 3 ] ;

843 end

844 count=[unique(monyf mat) , h i s t c (monyf mat , unique(monyf mat) ) ] ;

845 pct=count ( : , 7 ) . / length (monyf mat) ;

846 monyf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

847 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

848 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

849 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

850 pct (5)+pct (6)+pct (7)+pct (8)

851 pct (6)+pct (7)+pct (8)

852 pct (7)+pct (8)

853 pct (8) ] ;

854 count=[unique(monyn mat) , h i s t c (monyn mat , unique(monyn mat) ) ] ;

855 pct=count ( : , 7 ) . / length (monyn mat) ;

856 monyn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

857 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

858 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

859 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

860 pct (5)+pct (6)+pct (7)+pct (8)

861 pct (6)+pct (7)+pct (8)

862 pct (7)+pct (8)

863 pct (8) ] ;

864 count=[unique(monnf mat) , h i s t c (monnf mat , unique(monnf mat) ) ] ;

865 pct=count ( : , 7 ) . / length (monnf mat) ;

866 monnf cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

867 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

868 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

869 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

870 pct (5)+pct (6)+pct (7)+pct (8)

871 pct (6)+pct (7)+pct (8)

872 pct (7)+pct (8)

873 pct (8) ] ;

874 count=[unique(monnn mat) , h i s t c (monnn mat , unique(monnn mat) ) ] ;

875 pct=count ( : , 7 ) . / length (monnn mat) ;

876 monnn cum pct=[pct (1)+pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

877 pct (2)+pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

878 pct (3)+pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

879 pct (4)+pct (5)+pct (6)+pct (7)+pct (8)

880 pct (5)+pct (6)+pct (7)+pct (8)

881 pct (6)+pct (7)+pct (8)

882 pct (7)+pct (8)

883 pct (8) ] ;

884 cum pct matr ices = {

885 mwnnf cum pct

886 mwnnn cum pct

887 mwnyf cum pct

888 mwnyn cum pct

889 mwynf cum pct

890 mwynn cum pct

891 mwyyf cum pct

892 mwyyn cum pct

893 mbnnf cum pct

894 mbnnn cum pct

895 mbnyf cum pct

896 mbnyn cum pct

897 mbynf cum pct

898 mbynn cum pct

899 mbyyf cum pct

900 mbyyn cum pct

901 monnf cum pct
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902 monnn cum pct

903 monyf cum pct

904 monyn cum pct

905 moynf cum pct

906 moynn cum pct

907 moyyf cum pct

908 moyyn cum pct

909 fwnnf cum pct

910 fwnnn cum pct

911 fwnyf cum pct

912 fwnyn cum pct

913 fwynf cum pct

914 fwynn cum pct

915 fwyyf cum pct

916 fwyyn cum pct

917 fbnnf cum pct

918 fbnnn cum pct

919 fbnyf cum pct

920 fbnyn cum pct

921 fbynf cum pct

922 fbynn cum pct

923 fbyyf cum pct

924 fbyyn cum pct

925 fonnf cum pct

926 fonnn cum pct

927 fonyf cum pct

928 fonyn cum pct

929 foynf cum pct

930 foynn cum pct

931 foyyf cum pct

932 foyyn cum pct

933 };

934 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

935 % Value Gender Race CVis i t s InspTeach ParentEd

936 %−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

937 % 0 Male White No No F i r s t gen

938 % 1 Female Black Yes Yes One parent

939 % 2 Other Both parent

940 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

941 numppl2 = 10000 ;

942 C1 = randi ([0 1] , [ numppl2 1]) ;

943 C2 = randi ([0 2] , [ numppl2 1]) ;

944 C3 = randi ([0 1] , [ numppl2 1]) ;

945 C4 = randi ([0 1] , [ numppl2 1]) ;

946 C5 = randi ([0 1] , [ numppl2 1]) ;

947 People = horzcat (C1 , C2 , C3 , C4 , C5) ;

948 [R , C]= s i z e ( People ) ;

949 outcomeMatrix = zeros (R, 1 ) ;

950 fo r i =1:R

951 outcomeMatrix ( i ) = Singular Model 3 ( People , i , cum pct matr ices ) ;

952 end

953 B = unique(outcomeMatrix ) ;

954 out = [B , h i s t c (outcomeMatrix , B) ] ;

955 bar ( out ( : , 2 ) )

956 s e t (gca , ’ x t i c k l a b e l ’ ,{out ( : , 1 )})

957 barvalues ;
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