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Forward 1 

Applied Knowledge Science Inc published a series of five books (2017 – 2026)2, 
called Deep Learning Manuals I – V 3.  Stratified digital models about human 
learning are suggested, however, the central subject matter in this series is about 
non-forcing pedagogy.   

We make the claim that deep human learning instructional methods lead to 
greater public knowledge about human learning.  Central questions are about how 
we help evolve a better American society, than the one we have in 2026.  The new 
book, Transitions to s-AI, is a follow-on book.  We address the why questions.   
Why should American pedagogy transition away from current academic theories 
of learning?  The books advocate allowing higher mathematics to be learned in 
self-paced, virtual, any time available and AI assisted university level courses.   

The five books suggest a national project to transition American education to AI 
based virtual platforms, like the proposed Second School Digital Network (SSDN)™ 
4.  SSDN ™ is defined in the series and in this new book, Transitions to s-AI. 
Transitions to s-AI looks back over four decades.  During this time, Prueitt and 
many others struggled with an established, church like, cultural system.  Hiring, 
advancement and judgement are all contained tightly into the hands of a few. This 
few has a specific fixed mindset.  Systems theory is used to describe the American 
education system, in all its parts. 

Non-forcing pedagogy, a theory about learning, is different from how math class 
is conducted in schools in 2026.  Beginning in 1984, Prueitt conjectured that harm 
from forced learning in school math class is realized later in life. The individual 
chooses not to go to college or chooses a major field of study where no real 
mathematics is required. The system allows this and supports this.  What are the 
social dynamics involved in education that causes observed inability to learn in 
college freshman math class?  Beyond this question we ask what can be done?   

 
1 Correspondence to paulStephenPrueitt@gmail.com 
2 See https://aksciences.com 
3 https://www.amazon.com/Deep-Learning-Manual-Foundations-Education/dp/0692798021 
4 http://secondschool.net 
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Transitions the book focuses on why a transition to a better education system is 
possible. In reducing a set of possibilities, the books open up three national 
processes, these all supporting a proposed transition.  

Learning Methodology 

Learning methodology grounds SSDN ™’s learning pedagogy.  Various processes 
are modeled as influence diagrams with digital data repositories.  These processes 
are: 

• Implementation of a business infrastructure supporting virtual Academic 
Advancement and Placement (AAP) certifications, from SSDN ™, for students 
during the summer after high school graduation. 

▪ Three-week mini-courses are offered each month. 

▪ Enrollment depends on student scores, and curriculum ontology 
location for each student, and by using one or more ALEKS ™ 
placement exams.5  

▪ Maximum enrollment time is three months. However, these month long 
enrollment durations do not need to be consecutive months.  

▪ Enrollment and re-enrollment occur only while virtual cohort class 
sections are not in session, these classes are either two or three weeks 
long. 

▪ If requested by local chapter house MC ™, an official SSDN ™ 
Certificate of Placement (SSDN-CP ™ ) is generated and provided to an 
MC ™ enrolled individual6.   

• Development of curriculum supporting a two-year digital science degree 
program.  

▪ This program is modified from a two-year data science degree that 
Prueitt designed for Diné College (2021-2025). 

▪ Many of our footnotes in Transitions point at scholarly literatures that 
support a conjecture regarding damage to future learning capacity due to 
individual experience of forced-learning in K-12 math classes.  

• Federal stimulation of basic clinic research on human brain systems, focused 
squarely on Prueitt’s 1984 conjecture that current pedagogy causes math distain.   

 
5 Placement app costs $40 at www.aleks.com. 
6 SSDN ™ Certification can be shown to a college or university Office or Registrar.  
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One benefit will be greater public understanding about how to use personal, not 
connected to internet, digital learning tools for individual academic efforts. Fear 
about AI is reduced through understanding that a simplification to individual 
private use applications is possible. We start with the science about learning.   

We suggest that harm done by forced-learning methods in K-12 school math class 
is remediated within a three month period, a summer session. Remediation 
methods open doors to higher mathematics and to complexity science, and thus 
we, the American people, see AI in a proper light.    

Using the programs at www.secondSchool.net, something unexpected occurs. 
The unexpected part is important.   

 
www.secondSchool.net 

When better university level learning is expected we see foundational shifts in 
student learning objectives at American community colleges.  What we see now is 
disintegration of college math programs because most American freshman 
students are not prepared.  Our universities educate foreign born graduate 
students in mathematics and computer science, but not those of us born here 
within the fifty states.  

When Pathways programs are funded, our American public will see a 
foundational shift away from standard math class experiences in all fifty federal 
states.  We as a society will view higher mathematics as part of everyday higher 
education in America. This is our vision for the near future (2027-2039).  

We might also see that unless all, or most, voting citizens have university level 
knowledge about history and general nature of science and mathematics then 
voting processes will not produce good results. Democracy will fail, unless the 
public is educated. This statement has a type of paradox.  The will of the 
individual is where we resolve the paradox.   



 7 

And yet up into now there was no way to individualize academic learning for each 
American citizen, starting with those graduating from high schools.  That changed 
with digital technology and the development of digital knowledge space 
technologies like ALEKS ™.  There are systems that try, like Kahn Academy7, 
but these organizations have been held back due to the evasive cultural belief the 
real math is not learnable.  Everyone knows this, so those that will be successful 
will be those that log into these systems.   

Simplified-AI (s-AI), as discussed in Prueitt’s books, recognizes that change in 
U.S. education is occurring, slowly like the movement of mountains.  The federal 
administration has unsettled the entire system, a system that needed to be shaken 
up.  With some knowledge of relevant histories, it is reasonable to predict that 
change will be random at first.  Universities and colleges do not know what to do.  
Individualizing learning using digital knowledge space is not what the professors 
are expecting. In fact, there is fear about being replaced by AI teaching systems.   

There are many hidden structural problems.  We are figuring this out.  The 
current mythology about AI complicates things.  Few individuals understand 
differences between human learning and machine learning.  Yet the confusion is 
stimulated by promoting those who say they believe in the AI mythology. This 
confusion may soon end, with an AI bubble that removes a large part of the 
wealth now held by so few persons. This is our prediction for after the midterm 
elections and into the year 2027.  This is the year that everything will change. 
Each institution will make foundational decisions that address past failures, of 
course.   

SSDN ™ founders are planning to force change in school math class pedagogy 
by developing the behavioral neurosciences. This science will prove that current 
math class pedagogy, curriculum and teachers core is damaging individual future 
capacity to learn college algebra.  Legal pressure will then be forcing the current 
system to quit teaching what it does not know.  A process is engineered using 
SSDN ™ national business infrastructure.   

 
7 https://www.khanacademy.org 
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This business infrastructure is proposed in the book, Starting Second School (2020). 
Pathways the Book (2020) proposes to guide transitional change using enterprise-
human-digital Knowledge Management (KM) practices8. Semantic Web 3.0 
standards apply. 

Concern Addressed 

What is the concern we address?  We fail to properly educate about what is 
mathematics, what is its history, what computing is, and what is AI.  Prueitt and 
others point out that the core problem in American school education is with the 
math class K-12.  Not much can be done to fix structural barriers even within a 
few years, even twelve years.  Implementing  learning methods is what SSDN ™ 
plans to do. A high school to college remediation methodology is  identified in 
Pathways.   

In the coming decades, universal higher education will become a primary goal for 
U.S. universities and colleges. Concerns expressed about human learning will be 
meet with philosophical scholarship and clinical science.  As we develop new 
scholarship, we develop curriculum explaining relevant theories and various 
scholarly histories.  In particular, linguistics is seen as a means to study history of 
computational intelligence.  We could start with Ludwig Wittgenstein9.  Other 
starting points are also identified in our two-year digital science degree program.   

The nature of language systems10 played an increasing role in the development of 
machine translation tools, starting in the late 1940s.  During post-World War II 
period, at Georgetown University, faculty developed automated translation tools 
to move meaning between target languages and source languages using digital 
computers  Concurrently theory about how a second language is acquired by 
humans blossomed. Second language acquisition theory11 gives insights on why 
AI works the way it works.   

 
8 Murray, Author J and Prueitt, Paul Stephen (Feb 2019), Future of Education, published by KMWorld.   
9 https://en.wikipedia.org/wiki/Ludwig_Wittgenstein 
10 https://en.wikibooks.org/wiki/Introduction_to_Linguistics/Nature_of_Language 
11 https://en.wikipedia.org/wiki/Theories_of_second-language_acquisition 
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We begin to open up the concept of the emergence of a figure from a ground12 13.  
We see how natural language formation in childhood cognitive development 
creates independent capacity to think in one or the other language, sometimes 
several languages.  The take-home message here is that there are non-translatable 
expressions in all languages. What should this fact tell us about how to interact 
with each other?   

Prueitt conjectured in 1984 that math distain, observed in freshman algebra 
classrooms, is not a ‘natural’, meaning ‘evolutionarily necessary’, process.  Over 
the years the founding team at SSDN ™ has come to see that this distain is part 
of an everywhere present socialization process. At first language was not there to 
talk about complexity and emergence and the role these subjects have in 
behavioral neuroscience.   

We now see that socially reinforced disdainful feelings toward academic learning 
processes are not evolutionarily necessary.  We could be far more educated, as a 
voting public, than we are.  Is this not transparent as a concept in 2026?  To have 
this thought come up in national debates is not expected.  Much is left to be 
done.  Enterprise management systems map out how to proceed.  

Prueitt’s Conjecture was first proposed as a PhD thesis in 1985, to a committee of 
four graduate faculty members in University of North Texas’s College of 
Education. The proposed dissertation was rejected by committee vote.  Three 
years later, in 1988,  he earned a PhD in mathematics at University of Texas at 
Arlington14. Thirty-eight years later he suggests in Pathways the Book (2026) that 
non-forced learning methods remediate harm that has commonly arisen due to 
forced-learning practices in K-12 math class.  This road has been traveled with 
some difficulty.   

 

 
12 https://en.wikipedia.org/wiki/Figure–ground_(perception) 
13 https://www.changingminds.org/explanations/perception/gestalt/emergence.htm 
14 Prueitt, P.S. (1988) Some techniques in mathematical modeling of biological systems exhibiting learning, PHD Thesis, in 
Pure and Applied Mathematics, University of Texas at Arlington Press 
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Lessons Learned 

With this new book, Transitions to simplified-AI (s-AI) we provide justification for 
federal expenditures, over a twelve year period . Human Deep Learning methods 
were refined at Diné College using a hybrid virtual/face-to-face format.  This 
format in available to individuals at www.secondSchool.net. Many lessons have 
been learned during several pilot programs going back to 1988. 

University professors observe social beliefs that inhibit college freshman math 
class performance.  In American community colleges, student inability to pass 
reasonable freshman mathematics courses has long ago been accommodated.  
Course material is watered down by those having no perception as to what higher 
mathematics looks like.  The phenomenon is ubiquitous.  Students do not expect 
to learn anything new in math class and are disdainful towards the class itself.   

Prueitt’s books point out that the best time for a remediation program is summer 
before the freshman year of college.  Prueitt’s research, using students’ own 
words, shown in Appendix in Design Principles (2019), suggests that distain comes 
from individual experiences.  Socially accepted belief shapes most students’ 
perceptions about math class.  We investigate these social beliefs. There is no 
need to go beyond the fact that these beliefs influence K-12 learning in math 
class. Foundations (2017) gives some thought to this concern about social belief 
using stories about professor interactions with students over claims that college 
algebra is unlearnable.  

Today’s school teachers must follow certain rules. Generally speaking, teachers 
feel that only a small number of students have natural capacity to learn university 
mathematics, even fewer want to study math.  This belief is supported by teacher 
education, coursework in college and by so called professional development 
sessions while in-service teaching classes.  

It is true that at some colleges and universities the situation might be different.  
We are being forced into rapid cultural evolution due to results from recent 
national elections.  Change is on the horizon.  At some colleges, admissions are 
competitive.  Student learning objectives metrics are based on timed tests. The 
‘good’ students, those that have been prepared to pass tests, have learned how to 
pass tests.  Over all experiences in math class have been entirely positive.   
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However, passing high stress exams creates poor overall student learning 
outcomes.  Everyone knows this is how things are.  What is measured in math 
exams in school is how to pass certain types of exams, including multiple choice 
exams. What is not measured is individual capacity to think in a mathematical 
fashion.  

Moreover, mainstream American public has unresolved concerns with university 
level learning.  There is public confusion as to what is math.   

Is math just positive whole number arithmetic? 

Ask anyone, at a random selection, about any concept beyond positive integer 
arithmetic.  The reactions will be 80% a blank stare.   

No cognitive process is involved in this frozen moment.  Awareness is caught in a 
hold-still state.  Confusion and strong versal reaction15 will occur if pressed on 
this question.  Confusion does not end there.  In the public’s mind we find a 
social confabulation, something made up out of whole cloth and often not true.  

Social confabulations are constructed by society in ways that are consistent with 
mindsets of various natures. How does this construction occur? How does use of 
language shape a mindset?  Does society shape individual will and perceptions in 
such a fashion so as to limit academic learning? How does a human brain system 
react to twelve years of not-education about higher mathematics. How does this 
influence our understanding about AI? 

 

 
15 Bamberg, C., Weigelt, S. & Hagelweide, K. Reversal learning is influenced by cognitive flexibility and 
develops throughout early adolescence. 
See: npj Sci. Learn. 10, 27 (2025). https://doi.org/10.1038/s41539-025-00308-3 
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Prueitt’s 1984 Conjecture 

Prueitt’s books and publications conjecture that learning difficulties in college 
math class are due to common experiences students have in K-12 school math 
class16.  His concerns were first expressed in 1984.  Over the following four 
decades he strengthened Prueitt’s Conjecture.   

Student experiences in school math class are an important part of social pressures 
that produce restrictive learning habits seen in college freshman math classes.    

His 1984 inquiry into why his freshman college algebra classes were resistant to 
learning has been completed.  The cause has layers.  We must replace how 
colleges of education, in all fifty states, regard learning pedagogy.  This will not be 
easy.   

As his PhD dissertation that waw proposed to professors of education at 
University of North Texas, the cause of some categories of learning disabilities is 
our educational processes. It is far clearer today than in 1984.  In 1984, the 
professors were not at all happy with a thesis that pointed the finger at the current 
institutions.  The integrity of higher education was the most important concept.  
There even was a graduate course on protecting integrity of the current system. 
This is important to note that the system’s thinking, at colleges of education, was 
aware of need to ignore evolution.     

Pathways programs, over the next twelve years, are designed to shift all educational 
practice in all schools, colleges and universities.  Ultimately the reason will be 
based on civil law.  Evidence of individual harm will be acknowledged by federal 
courts.  Schools, colleges and universities will be challenged in court, unless there 
is more freedom given to individuals and less discrimination.   

Legal protections against forced-learning must be part of American educational 
reform.  More than reform, we need this change in pedagogy.  Without allowing 
individual learning to be via s-AI we are not realizing the American Dream.   

 
16 https://www.psychologytoday.com/us/blog/common-sense-science/202601/why-does-math-make-so-
many-of-us-anxious 
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There is realism in our effort to change American educational pedagogy.  Poor 
study habits are what we see in freshman college math classes.  This is what we 
have.  This is real.  There are many examples.  Most students cannot take class 
notes because they do not write in mathematical notation.  Many student claim to 
not be able to write with pen and paper.  Students often will not study between 
one class session and the next class session.  Perhaps as high as 65% of all 
freshman student strongly believe that college algebra is unlearnable and 
worthless.  This is a learned opinion.   

Math class only deserves attention while a student sits in the class room. Then 
there is a situation-ness about sitting in math class. With behavioral neuroscience 
we see this situation-ness is moderated by human cerebellum, with whole brain 
interactions. Over the twelve years of public education, individuals develop 
neuro-blocking circuits.  We are beginning to find solid evidence from clinical 
science that a different approach to math class forces the brain system to go 
blank.  Transitions to simplified-AI extends a description of some future education 
system.  How far into the future?  No one knows as yet.     
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Chapter One: Transformation in Pedagogy  

Second School Digital Network (SSDN ™) has been created.  We have a 
response to observed unmet challenges for American educational processes. This 
is our primary mission.  The transformation of pedagogy, as taught by colleges of 
education, is the focus of this chapter. 

Almost everywhere, classroom practices are not based in behavioral neuroscience 
but in ancient educational theory.  Most individual experiences in math class serve 
to give control over student learning process to teachers and school 
administrators.  Of course, the effort to control is rejected by students.  There are 
ripple effects. The consequences are socially complex.  For one, the teacher core 
evolves to satisfy school administrations.  The American public remains confused 
about AI and about a lot of other things.  Higher education is not tuned to the 
American Dream with regards to individual freedom to pursue life liberty and 
happiness. As we move forward in this century, this will change. The worst is 
behind us.   

Our project has national scope. We believe that challenges we hope to address 
cannot be resolved except at the national level.  Local and state control over 
public education has given us what we have.  What we have is not sufficient for 
providing higher education during the upcoming digital era.  What we have is 
distorted by past history in which the American dream has been distorted.   

Our projects focus on transformation of existing educational practices through 
the development of behavioral neuroscience based learning theory.  With support 
for clinic science, we anticipate an intellectual ground that supports transition 
from pedagogy fixed on control to education for the individual. A new pedagogy 
guides academic learning without external control from the education system (a 
growth mindset). Proper placement of the college freshman is facilitated through 
the issue of a locally controlled ‘chapter houses’.  SSDN ™ enrolled individuals 
may choose to share a certificate of completion with anyone he or she wishes.   

MC ™ is a business franchise with business portfolios including educational 
services like the AAP (the academic advancement and placement) certifications. 
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This puts the individual, student, in control of which math class he or she is 
enrolled in by a registrar’s office.    

In our plan, over twelve years, we replace forcing pedagogies with non-forcing 
pedagogies.  This replacement must be accomplished within American state 
universities, in particular state colleges of education. Otherwise, teacher education 
about mathematics, computing and science will not be improved.  Education 
professors will change or retire.  By 2040, we hope to have permanent business 
infrastructure that supports national individualization objectives governed by a 
national scholarly body. Academics will return to colleges and universities.  

SSDN ™ plans to offer educational alternatives open to any American citizen.   
Two years of college level study gives an individual a proper understanding about 
non-removable differences between AI and human intelligence.  Two years of 
college curriculum brings insight on how AI will be used to support 
individualized and virtual education.  Doors are opened for individuals to freely 
explore human knowledge as if within a library.   

We believe that a social understanding will develop and begin to influence local 
boards of education as well as national and state governments. Much planning 
and piloting has already been completed17.  For example, digital knowledge space 
technology has been available for several decades, from several top of the line 
publishing houses.  For reasons that are explored in private research, these AI-
based platforms are not used to the fullest extent.  The issue is primarily regarding 
fixed mindset of educators.   

SSDN ™ franchises use a simplified forms of AI, digital knowledge spaces and 
linguistic-based social sense making tools.  This new ability sets waiting for a 
proper amount of external funding.  The book Starting Second School (2020) 
provides business plans and investment ideas.  Transition (2027) is yet another 
attempt to communicate a new vision for American public education.  This vision 
would have almost all graduating from public high school be well prepared for 
college or university studies in computer science, mathematics and science.   

 
17 Prueitt, Paul Stephen: Deep Learning Manual Series Foundations (2017) Applied Knowledge Sciences Press 
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Product Offer 

What is the product to be offered from SSDN ™ to the American public?  
Virtual Semantic Web18 (SW 3.0) designed programs teach college level 
curriculum with minimal effort from college or university teaching staff.  In this 
section of Chapter Two we look at economic viability of SecondSchool Digital-
Network (SSDN ™). 

Each local franchise might have an enrollment of 120 into three month cohort-
based programs during the summer before enrollment into community college.  
At this enrollment level a full time PhD level professor as well as two or three 
mentors are provided good financial compensation.  Registration is the first week 
in each month and Zoom sessions scheduled only for three weeks at a time.  With 
three enrollment periods per year, each generating $380*120 = $45,600 of local 
MC ™ revenue, the total per year expected income for one MC ™ location is 
$136,800.  Business minded folks can do the arithmetic.   

Summer enrollments provide $45,600 for one summer school type MC ™ 
project.  Highly qualified PhD level professors of mathematics or computing 
could earn a nice income while regular college or university classes are not 
meeting. A local MC ™ might have more than one PhD level professor teaching 
virtually using ALEKS or Alta.  The 120 students would be placed according to 
ALEKS placement exams, and each month could move to a higher level of study. 
Students move at their own pace and are not graded19.   

Let us consider expected social dynamics.  What would happen if business 
implementations occur across fifty states over next twelve years. In one area, 360 
individuals per year are given an opportunity to enroll into a higher level math 
class in collage.  Each state might have more than 30 such franchises. Over all 
fifty states, we envision 1500 local MC ™ chapter houses. Development of such a 
system could continue year after year, with the final result being a shift in how 
colleges of education represent academic learning.  

 
18 https://en.wikipedia.org/wiki/Semantic_Web 
19 However, AAP Certificates are awarded to individual based on measured performance in ALEKS. 
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Cultural resistance exists in American schools. The resistance to change how 
math is taught.   Our team came to believe that a path to national transition to 
individualized learning can be implemented by a publicly owned business process.  

Authoritarian political pressures in the United States controls a large part of our 
private life.  We think about what is going on politically constantly.  We all see 
now that unbalanced election processes produce social pressures.  There are 
consequences that follow from elections.   

These political pressures keep schools, colleges and universities dysfunctional. 
Administrations focus on control. A change in pedagogy, from forcing to non-
forcing, pedagogy is resisted.  Pathways programs make the clinical cases that 
current practices, such as rote memory exercises, hard individual capacity to learn 
college algebra.  This is bad for individuals and bad for United States leadership.  
with respect to realizing a commonly held understanding as to what a human 
mind is capable of.  The dysfunction has been around for decades, this is true.   

Mythologies fundamentally subvert the U.S. Constitution al interpretations. In 
2026 we are beset with false understanding about many things.  This has always 
been true for human communities. Now, in 2027, the American people will make 
changes to how elections are held.  There has to be greater calm, economically 
and politically. This calm comes from understanding algorithms and data 
structures are digital devices.  This understanding, if widely held, collapses the 
need for data centers.   

Prueitt takes as one example the mythology of AI, a social confabulation 
produced by technology corporations. These corporations then support other 
industries, such as the food or medical industry.  The systems have long term 
interactions. Fixing the paradigm in colleges of education, nationwide causes 
change to all of these interactions.  

Big corporate objectives concentrate wealth into the hands of an international 
oligarchy.  This control has to be returned to the people through the rule of law. 
This can be done only when Congress is not controlled by money.  Everyone 
benefits from balance.  Market dynamics require real time balance between social 
value and personal value.  The hidden hand of market dynamics is dysfunction 
due to the control over supply-production-distribution cycles.   
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These cycles are naturally stable until a transition of state occurs.  In our form of 
government, it is the electoral processes that accommodate absolute need to 
change.  Our thinking about social processes brings up a question as to how 
biological processes moves from one transient – but stable for a time period – 
state to one of a small number of future states.  SSDN ™’s stratified architecture 
produces situational periodic tables20 fast and using minimal digital resources.   

This transition in the biology will always have signs before onset.  Critical slowing 
down precedes finite state transitions21 22. Finite state transitions were used in 
Prueitt’s dissertation (1988)23 to model onsite of high and low zone tolerance for 
generalized immune systems.  

As pointed out in the dissertation, ordinary different equations cannot model 
influence diagrams involved in plant, animal or human immune response. Finite 
state models can be, however, nicely modeled if ‘un-lawful’ periods of transition 
are observed in real time.   

During these brief cross-organizations-scale durations, the future states are not 
yet determined.  Thus, the future states are non-Bayesian as well as non-
computational.  Computing cannot reach out of the finite state machine. As a 
direct consequence: 

we cannot predict the future at 100% certainty with a computer. 

The AI mythology is something that we can talk about forever.  The mythology 
exists to create unreachable goals, having the finite state machine reach out to the 
natural universe24.  It is possible that actual DARPA funded programs were 
designed to keep AI funding at high levels.   

 
20 https://en.wikipedia.org/wiki/Periodic_table 
21 https://en.wikipedia.org/wiki/Critical_transition 
22  Critical slowing down as early warning for the onset and termination of depression. Vande Ingrid et al. 
(2013, PNAS) see: https://www.pnas.org/doi/10.1073/pnas.1312114110   
23 Prueitt, P.S. (1988) Some techniques in mathematical modeling of biological systems exhibiting learning, PHD Thesis, in 
Pure and Applied Mathematics, University of Texas at Arlington Press 
24 Prueitt, P.S. (1996) Is Computation Something New? published Proceedings of NIST Conference on Intelligent 
Systems: A Semiotic Perspective. Session: Memory, Complexity and Control in Biological and Artificial 
Systems. IEEE October 20-23. 
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AI Bubble 

Market pressures are causing bubbles in information technology circles. The 
bubbles are due to a mythology that data centers should be allowed to consume 
high percentages of power generated by non-renewable power sources.  American 
politics will resolve this concern.  We believe that the American public now sees 
that democracy cannot survive predatory capitalism.  It is easy to show that 
economic systems run by a few wealthy individuals leads to political control.  The 
courts will see concentration of wealth into the hands of the few as a threat to 
American governance and rule of law.  

We predict that the court ruling in Citizens United will be over turned, granting 
controls on how much money can be spent for political purposes.  Political ads 
might be further restricted.  Truth in attack ad content might be controlled.  Laws 
related to public slander and public fraud will be straightened. If it is advertised 
that what is advertised must meet truth metrics.  

Our point is that American education systems have so un-educated American 
voting citizenry that we fail to elect qualified persons to fill government offices.  
The democracy is failing.  We could lose the democracy altogether.  The U.S. 
Constitution could be set aside if elections cannot proceed or are set aside.   

New effort is needed to transform pedagogical theories in schools, colleges and 
universities.  The current system wrongly focuses on discussing ‘research 
methodology’ and small sample case studies, or very large sample statistics.  There 
is very little neuroscience. There is very little value to professional education 
publications25. Just go and read the math ed literature. Those that write PhDs in 
education have to be of a certain mindset, or else the student does not survive the 
doctoral programs.  This is changing starting in 202326.  

 
25 Clements, D.H.; Lizcano, R.; Sarama, J. Research and Pedagogies for Early Math. Educ. Sci. 2023, 13, 839. 
https://doi.org/10.3390/educsci13080839 
26 https://www.timeshighereducation.com/blog/ 
prestige-without-purpose-its-time-reinvent-doctoral-education 
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Core problems created by forced-learning practices have been largely ignored27 28 
29.   There is literally nothing close to Prueitt’s Conjecture30 regarding harmful 
effects from math class experiences31.  The Conjecture claims that harm occurs in 
math class to future capacity to pass a college algebra course.   

Four decades have passed since the rejection of his thesis on acquired learning 
disabilities by the College of Education at North Texas State University.  Today 
no one denies that college freshman math class is experienced by students as a 
form of forced-learning.  The consequences are predicable.  

There is clinical support for remediation of acquired learning disabilities due to K-
12 math pedagogy.  A poll shows that over 80% of entering freshman students 
are fearful of math class32.   This needs to be explained using the full power of 
clinical behavioral science. Our contribution is to supply new research on human 
learning methodologies using linguistic based analytics.   

Avatar peer-mentors interact with each individual in ways discussed in Pathways the 
Book. SW 3.0 standards allow humans to interact with the aid of simplified-AI to 
produce Academic Prescriptions (APs) designed for the individual, based on 
ALEKS ™ or Knewton-alta ™ exercise scores. One result are new data 
repositories.  These are culturally sit using vernacular encoded as folk taxonomy33.   

 

 
27 https://theconversation.com/ 
why-being-forced-to-precisely-follow-a-curriculum-harms-teachers-and-students 
28 https://www.thinkingineducating.com/why-trying-to-force-learning-often-fails-and-what-works-instead/ 
29 https://theamericanscholar.org/why-so-many-kids-struggle-to-learn/ 
30 Prueitt, Paul Stephen & Erwin, Harry. (1996). Learning as self-organization not self-gratification: The Fourth 
Appalachian Conference on Behavioral Neurodynamics. Neurocomputing. 11. 323-328. 10.1016/0925-
2312(96)00006-9. 
31 https://www.researchgate.net/publication/331566678_Over_view_of_Prueitt's_work 
32https://www.reddit.com/r/learnmath/comments/k7valk/why_do_so_many_people_fear_math 
33 RDF data repository and stratified digital architecture is discussed in detail in Design Principles (2019). 
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AAP Certification  

A specific proposal is made to the federal government. A national American 
business infrastructure is in the process of being created. SSDN ™ offers college 
level remediation services to any individual at low or no cost.  Again, and of 
course, there are hidden issues.  Each state has different viewpoints. This term, 
‘remediation’, is not exactly informative.  What exactly are we remediating?  What 
are we fixing?   

Placement into college algebra courses is what we are fixing. Our two -year degree 
program trains student to be peer-mentors.  Curriculum definition is corrected so 
that pure and applied mathematics both have standing.  SSDN ™ ‘s course 
offerings will earn school and college credit.  SSDN ™’s Academic Advancement 
Program (AAP) certification does not earn college credit.  

SSDN ™ primary commercial services are referred to as Academic Advancement 
and Placement (AAP) Certification. AAP Certification provides 

advancement and then provide proper placement certification 

into a standard university level mathematics class.  

A nationally available business infrastructure uses a simplified form of AI and 
digital knowledge space technologies to produce Academic Prescriptions (APs), as 
discussed in Starting Second School (2020).  SSDN ™ virtual programs prepare 
students  to study digital sciences, or simply to be placed into a proper math class 
at a college or university. AAP is available to help move from from high school to 
college curriculum and study habits.   

We observe that social reinforcement for distain starts in middle school and 
before.  The forcing pedagogy does not affect each person the same.  A more 
complete understanding about the individual is required.  SSDN ™’s services 
include specific pedagogy implemented from outside American schools, colleges 
and universities. These commercial services address widespread cultural distain 
towards being in a college mathematics class.   
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Access for Teachers 

School teachers are not operating in an employment environment supporting long 
term development of intellectual capacity for each individual student.   Simplified-
AI can assist the individual on a 24-7 basis and self-direct his or her own study.  
The accepted pedagogy is wrong minded.  Learning theory is wrong.  Professional 
pressures are inconsistent with the role of a teacher of academic content.   

We force students to study poorly developed curriculum for twelve years.  At the 
same time, we do not give access to individual persons in promotion of self-
directed learning.  Up until recently most mathematics classes were not supported 
by digital knowledge spaces.   

Foundational changes within American universities are occurring in 2026. Our 
institutions of higher learning are responding to a number of challenges. The 
transition to a new pedagogy has begun.  However, we must know that there is no 
math ed scholarship before the 2010s about forcing instructional methods like 
root memorization.34 Arguments regarding change of curriculum really go 
nowhere35.  Forced learning, the concept of, has always been about how the 
federal government has used forced learning in the role of guardianship over 
American Native People’s rights36.   

Forced learning is how students regard college math class.   

American Math Ed research methods were confused and not informed by current 
publications37.  A few individual students are not affected at all.  Other individuals 
form an overpowering fear of anything to do with arithmetic.   

 
34 Thanheiser, Kathleen Melhuish. The Journal of Mathematical Behavior Publisher: Elsevier June 2023 
Teaching routines and student-centered mathematics instruction: The essential role of conferring to understand student thinking and 
reasoning. www.sciencedirect.com/science/article/pii/S0732312323000020 
35 Ballantyne, Alicia (2017) Untangling the Math Debate see pdf at.. 
https://files.eric.ed.gov/fulltext/EJ1230199.pdf 
36 For discussion about federal guardship see https://tribalcollegejournal.org/restoring-inaawendewin-to-the-
trust-relationship/ 
37 https://www.thehumanprojectfoundation.org/blog/the-problem-with-rote-learning-are-we 
-memorizing-instead-of-understanding. The Problem with Rote Learning: Are We Memorizing Instead of Understanding? 
(April 2026). 
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Pedagogy is about a theory regarding human learning.  The game has changed. 
schools, colleges and universities in the United States have not changed.  With 
MC ™ services, academic pathways are individualized, virtually, with the 
individual making choices as to when and how to learn.   

Clinical and linguistics research is proposed as part of SSDN ™ twelve year plan. 
Direct stimulation from the federal level, would help transitions to simplified-AI 
based learning.   We suggest that perhaps none of the core problems associated 
with university level freshman college math classes are solvable if only left to our 
current systems of education.  We suggest that a national transition to AI based 
education will use simplified-AI to produce radical improvement in the nation’s 
scoring on college-ready-ness.  Suddenly, kids are willing to learn more than just 
university level college algebra. Suddenly, students walk away with a two-year 
college degree knowing how to use simplified-AI on their old cell phones.  

Look back on 2026.  The minimal content in college algebra follows a confused 
practice of naming high school curriculum as ‘the many flavors of algebra’.  
Beginning and intermediate and advanced algebra courses and textbooks repeat 
concepts that should be easy to learn.  The text book explains things in a specific 
fashion. How else could national school administration take a month’s long 
university curriculum and extend the study of that part of that curriculum over 
four years of high school math class?38   

Think about what is being suggested. Our national philosophies about teaching 
math in school are controlled by forced-learning pedagogy, high stress exams for 
example.  Stressful pedagogy will cause social stress and social disorder.  Use basic 
elements of reinforcement learning theory to conjecture, as Prueitt did in 1984.  A 
few hours if the mind were open to learning.  Sometimes the concepts have 
already been known. We are taught that math is difficult and should not be under 
taken. College algebra is less than one percent of one percent of the knowledge 
about mathematics that a qualified PhD in mathematics has mastered.  

 
38 For an enumeration of concept type names see the excellent (2012) https://juanitaschool.org/wp-
content/uploads/Online-learning-materials/Mathematics-Notes-F1-4.pdf  
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Said in a different way: college algebra concepts could all be covered in three, or 
four or less than ten hour of lectures.  ‘Algebra” is not what is studied during four 
years of high school.   

Computing could lead into discrete mathematics, and to applications of 
mathematics to real everyday concerns.  But there also has been a misunderstood 
concern, e.g., about the curriculum.  Why are those knowledgeable about 
mathematics not acting?  We begin to see the complexity to why forcing change is 
so difficult.  The university professor mathematics core is less than 45% born in 
United States of America.  We hire graduate students who then become 
professors here in U.S.A.  A hidden concern is about the degree to which 
graduating high school students have knowledge about the principles of natural 
science.  Being a citizen requires voting rights.  Do our graduating high school 
seniors understand the Constitution?  

Schools are confused as to what to call post-arithmetic mathematics. Leadership 
in schools believe with a fixed mindset.  Mimicking  each other while publicly 
confabulating, e.g. making up socially constructed beliefs.   

Only a few individuals have capacity to study higher mathematics39. 

The expectations of community colleges is, in our opinion, a social crime.  Future 
cultural mindset must expect far more from entering freshman college students. 
Administrations did not even know how to discuss concerns we raised.  There 
was simply nothing that could be said.   

The bottom line is that foundational change in education will benefit everyone. 
Most college students will know what he or she wants to study. Looking forward 
from 2026, doors will open starting in 2027.  We will see signs of a paradigm shift 
in educational philosophies. The scale of this shift will be of a magnitude, as we 
are discussing.  A collapse of the AI bubble might be a trigger leading to a 
positive acquisition of lost cost assess to university level students, in what ever 
discipline.   

 
39 Caviola, S., Mammarella, I.C., Szűcs, D. (2022). Individual Differences in Mathematical Abilities and 
Competencies. In: Danesi, M. (eds) Handbook of Cognitive Mathematics. Springer, Cham. 
https://doi.org/10.1007/978-3-031-03945-4_28 
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National direction is needed as well as grass roots development of the SSDN ™ 
business infrastructure.  The Deep Learning Manual book series provides our 
thinking about how independent Academic Advancement Program certifications 
produces the ground swell public support for locally owned MC ™ Chapter 
Houses.   

Individualism and separation from institutional control by a schooling system is 
offered.  Why has this been difficult for American education systems?  Using s-AI 
tools all individual student becomes self-responsible for demonstration college of 
all concepts in university level college algebra, as well as in our curriculums.   to 
discuss concerns regarding student learning objectives?   

College Teaching of Mathematics 

In the 1984-1985 academic year, Prueitt qualified to write a pure mathematics 
dissertation supervised by a department of mathematics.  His interests were on 
how mathematics might shed light on why the incoming freshman math classes 
showed distain toward learning college algebra.  This is an applied problem.  

In discussion with a professor of education at University of North Texas, Prueitt 
was offered a one year teaching fellow appointment.  He agreed to write a PhD 
dissertation on College Teaching of Mathematics.  College of Education faculty would 
form a review committee.   

It was suggested that since he was already all but dissertation in pure mathematics, 
topology and real analysis, one year would be sufficient to write the dissertation 
for the college of education.   

They sold him on this idea.  So, he moved to that college, within a state 
university, and started to take courses from those folks.  The rest of the story is 
sad, and a little hard to describe.  

After a few months, he met with the most senior education professor, who had 
briefly looked at an outline of his thesis.   He said that in no way will ‘we’ allow 
these thoughts to be in a dissertation.  The committee had met and decided they 
would not support Prueitt develop a notion that the education system itself has 
flaws.  The committee of professors would not allow this criticism.  
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Prueitt moved to University of Texas at Arlington and started to do research on 
the immune system and on the neural systems of the brain.  This work took three 
years and resulted in a December 1988 completion of a PhD in Pure and Applied 
Mathematics40.  Many of the issues facing complexity theory today are touched 
upon.  After a year and half as assistant professor at Hampton University, he 
enjoyed a three year appointment at Georgetown University as Research 
Professor in the Physics Department.   

He assisted the Chair of Physics, Edward Finn, in managing a large grant to 
Georgetown University from MIT Lincoln Labs involving computing and 
artificial neural networks.  Funding was channeled through DARPA.  This period 
of time allowed Prueitt to attend many conferences related to the development of 
AI.  He met Karl Pribram and enjoyed the neuroscientist’s friendship.   

He also met most of the leadership in academic research on computer modeling 
of brain function. However, in 1994-1995, as his post-doc funding ended, all he 
could find teaching was a small HBCU college in south part of Virginia.  At Saint 
Paul’s College the salary was very low.  After one year Prueitt was forced to find 
work in the Washington D.C. IT industry to support a family.   

Five years followed with him consulting on technical aspects of AI.  September 
11, 2001, changed federal rules on the support of industry developing application 
of AI.  By 2003, his ability to support a family of five had all but disappeared.  
Consulting on artificial intelligence was difficult to find.  

The next two years were spent isolated in Taos, New Mexico. It was a time of 
being left alone.   The knowledge he had acquired from years of study had to 
settle.   From his studio in Taos in 2004 Prueitt began to write about a Manhattan 
type federal project to fix the American education system.  

The time was not right yet and yet he worked the issues, accepting an 
appointment at Talladega College.  In 2005-2006 he was Chair of Mathematics at 
Talladega College in Alabama.  Two decades followed in which learning methods 
were developed and demonstrated by Prueitt at several universities, several 

 
40 Prueitt, P.S. (1988) Some techniques in mathematical modeling of biological systems exhibiting learning, PHD Thesis, in 
Pure and Applied Mathematics, University of Texas at Arlington Press 
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colleges and two high schools.  Most of his academic appointments were as 
lecturer with one year contracts.  The character of the education system became 
more and more apparent41.  Presenting papers at conferences was all he could do, 
except teach freshman classes at a low salary in the standard fashion.  He then 
began to use ALEKS and to understand how individualization was in the near 
future.  

Over the years, Prueitt’s criticism was only tolerated by professors of math 
education.  He continued to publish his views regarding challenges facing 
freshman mathematics instruction42 43.  No discussion was allowed about 
Professional Development (PD) industry.  Folks in the mathematics departments 
were not concerned about mathematics education. School math class was the 
problem that educators were dealing with.   

What was important to department of mathematics were mathematical 
publications, or publications that supported college of education dogma.  Prueitt 
developed and published new types of analytics algorithms44.   

SSDN ™’s founding team feels that digital transformation tools are necessary to 
change fixed-minded45  forced-learning instructional paradigms. A plan is 
published46.  We will use simplified-AI (s-AI) and behavioral neuroscience to 
transform academic theories about human learning.  This paradigm shift allows 
virtual education to be enriched by proper use of AI and threshold behavioral 
neuroscience.   

 

 
41 Prueitt, P.S. (April 17th 2015) A New Data Source for Design-Based Research on Deep Learning Strategies, 
presentation to the Mathematics Education Seminar at Texas State University 
42 Prueitt, P.S. (February 2015) Deep Architecture for Human and machine Learning, seminar presented at 
Computer Science Seminar at Texas State University 
43 Prueitt, P.S. (June 23, 2014) Individually Directed Inquiry. R L Moore Legacy Conference 2014, Denver CO 
44 Prueitt P.S. (2001). Shallow Link analysis, Iterated scatter-gather and Parcelation (SLIP) and data 
visualization. Army research Office Invitational Workshop on Information Assurance, George Mason 
University, October 2001. 
45 https://thedecisionlab.com/reference-guide/psychology/fixed-mindset 
46 Prueitt, Paul Stephen: Deep Learning Manual Series Starting Second School (2020) Applied Knowledge Sciences 
Press 
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Project Justification  

To justify federal funding, we present hypothesis that non-forcing remediation 
methods cause functional change in human cerebellum47 and hippocampus 48.  
Under measured circumstances Acquired Learning Disabilities (ALDs) are 
developed by most children as they move through the American school systems.     

Our plan provides proper educational preparation for freshman year of college at 
low cost directly to the individual citizen.  This is designed to work during the 
summer college term. Academic Preparation and Placement are virtual services 
provided by SSDN ™.  A two-year degree program extends freshman college 
learning into higher mathematics and computing.  SSDN ™’s programs prepare 
students to participate in basic research in any academic field using a simplified 
form of AI.   

• We have a curriculum that opens pathways into the use of s-AI by 
individuals.   

• We move away from the exclusive use of statistics.   

Our reasons for simplifying AI are discussed during the degree’s course work. SW 
3.0 applications individualize pathways into academic programs in universities.   

A few points here are necessary.  Simplified-AI is not produced using data 
centers. An individual computer running Python and ANSI C49 is sufficient.  Why 
is this a simplification?  What new principle allows for this simplification?  A new 
form of AI accepts, as true, a categorical distinction between digital devices and 
the natural world. This is not a small matter.   

The TBL SW concept provides humanity with a standard way to interface a digital 
device and a human being.  The two sides of this interface are regarded as being 
quite different.  The difference is studied in our twenty courses defining of college 

 
47 Cerebellum holds fixed, i.e., transient but EM stable, electromagnetic fields. These physical EM, biological 
metabolic-repair cycles and quantum fields are modeled using difference and differential equations. Simple data 
structure and algorithms use higher mathematics and computer science curriculum and thus simplify AI.  
48 Akyüz, E., Aslan, F.Ş. (2025). Role of the Hippocampus in Cognition. In: Turgut, M., Acer, N., Turgut, A.T., 
Di Rocco, C. (eds) The Human Hippocampus. Springer, Cham. https://doi.org/10.1007/978-3-031-88907-
3_15 
49 https://en.wikipedia.org/wiki/ANSI_C 
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degree in digital science.  The notion that AI will resolve all human problems is a 
myth supported by technology corporations and philosophers.   

Overcoming ALDs due to cultural confabulation has many benefits.   However, 
American society has not been receptive nor understanding regarding structural 
reform50 Clinical science makes arguments for replacing current learning 
paradigms in American colleges of education.  

So as to address concerns, a business model is developed in Design Principes 
(Prueitt, 2020), Starting Second School (2021)  and Pathways (2026)51. Prueitt showed 
non-forcing pedagogy is possible (2000-2006).  

 

 
50 https://pmc.ncbi.nlm.nih.gov/articles/PMC11544060/#_ci93_ du Plooy E, Casteleijn D, Franzsen D. 
Personalized adaptive learning in higher education: A scoping review of key characteristics and impact on 
academic performance and engagement. Heliyon. 2024 Oct 22;10(21):e39630. doi: 
10.1016/j.heliyon.2024.e39630. PMID: 39524879; PMCID: PMC11544060. 
51 These books make the claim that a central root cause for learning disabilities stems from forced-learning 
practices in K-12 school math classes.  
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Diné College 

At Diné (Navajo) College in Arizonia, Prueitt developed, and demonstrated, 
freshman math-assessment methodology (2021-2025). Assessment uses 
collections of textual snippets from student work and topic level assessment from 
ALEKS ™ 52 and Knewton ™ 53. Prueitt’s Diné College’s program started as a 
response to Covid 19 and was initially 100% virtual54.  The Diné program began 
to develop computational tools with focus on Benjamin Whorf’s linguistics55, and 
cultural deep structure56, see later Chapters Five and Six in Transitions.  

We agree with others, that commonly used education pedagogy is partially 
responsible for dumbing down American education systems57.  The evidence is 
clear, but scholarly analysis is simply missing from state university colleges of 
education. This point is very complex and difficult to discuss, to publish 
scholarship about. There are easy detours.    

Of course, not all American sub-populations are affected in the same fashion.  
However, even in elite populations there is a wariness by most students towards 
higher mathematics. In our best universities we still have less that 80% 
completion rates. This is the cream of the crop, all the rest of our 18 years old 
individual are left out in the cold.  

What is clear is that we should question official use of instructional paradigms 
taught by most professors at state colleges of education. Education scholarship 
and education PhD dissertations is expressed within a socially fixed and closed  
mindset.  To correct this situation there is much to do.  There are many levels of 
public concern about American education.  Each of these concerns must be 
unraveled. How are such complex situations managed?  

 
52 https://www.aleks.com/ 
53 https://www.wiley.com/en-us/grow/teach-learn/ 
teacher-resources/courseware/knewton-alta/ 
54 This program is evaluated in Pathways the Book (2026). 
55 https://en.wikipedia.org/wiki/Benjamin_Lee_Whorf 
56 See for example: https://www.sciencedirect.com/topics/psychology/deep-structure-adaptation 
57 https://www.britannica.com/biography/Allan-Bloom (1987) 
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Business management tools have been used to plan national, publicly owned, 
academic-knowledge management systems, dedicated to undergraduate education 
in the United States. We have already started.  

SSDN ™ offers well established commercial learning technologies available from 
several publishing houses, McGraw-Hill and Wiley to name only two. Program 
assessment is easily set up when a school, a college or a university adopts 
inexpensive ALEKS courseware58.  The cost is very low and the service delivered 
virtually 24-7. An alternative requirement is to buy new textbooks for college 
algebra.  These can run more than 300 dollars for the hard back.  ALEKS 
courseware comes with digital textbooks for less than 100 dollars. 

Current pedagogy requires strict use of drill and practice exercises. Here we meet 
the professional resistance to change in pedagogy.  Some professors will claim 
that drill and practice is the only valid pedagogy.  The very notion that students 
should have choice as to what and when to study is set aside.  The situation is 
even more entrenched.   

 

 
58 SSDN ™ c’s three month memberships are $480 available at www.secondSchool.net.  
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Life Long Learning 

School class is often overseen by persons who are strongly math phobic. State 
colleges of education train teachers.   In the past, selection processes eliminated 
those individuals who might have been teachers and who also liked mathematics. 
It is likely that less that 5% of all high school teachers have completed a course in 
calculus II. The rest have four years degrees and a strong dislike towards math 
class.  Many of our current concerns rise from history.  Learning theory, as taught 
in colleges of education, has not, yet, adapted to 2026 social realities.   

Education is practiced today in much the same way as did the Greeks and 
Romans, centuries ago.  Most critically, transfer of human knowledge is one way 
and demanding of a fixed mind set. The role of the individual is left out, a 
concern that John Dewey wrote about59.  How is an individual to have any say in 
any education matter? An even larger concern is identified.   

False beliefs are common within human communities.  Our nation struggles with 
how to maintain cultural diversity, as required by our founding documents of 
1776.  A different type of schooling process is needed so as to help the United 
State select good political leadership.   

Teachers could have access to lifelong learning in the sciences, in computational 
science and about AI.   Growth mindset is possible where average incoming 
freshman college students are prepared for university study in computing and 
mathematics. Both academic areas are required if one is to understand how AI is 
being integrated into work spaces.   

SSDN ™’s two-year digital science degree focuses on how simplified-AI 
empowers the individual. We open individual understanding about artificial 
intelligence mythology and history. Mentor Circle ( MC ™ ) programs change the 
experience of learning by giving each individual a digital-avatar-based mentor.  
The Mentor Avatar (MA) instructs individuals on how to use simplified-AI.  

 

 
59 https://en.wikipedia.org/wiki/Individualism_Old_and_New 
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Chapter Two: Clinical Neuroscience 

A new instructional paradigm has developing from clinical neuroscience. The 
neural architectures involved in human learning have become clear.  Of course, 
not all questions about human intelligence have been addressed, but the time is 
coming when precise network dynamic models will exist that help us understand 
selective attention, figure/ground processing, memory formation and how 
memory contributes to human awareness in a present moment.   

Clinical work helps us understand what causes a mind to shift focus from one 
thing to another thing.  As we have seen in theory of perception60, a shift occurs 
in biology in a figure/ground type emergence61. Something also goes on in social 
networks. What we focus on emerges from a background, in this case cultural 
belief and similar We have evidence that social mindset in educational theory and 
practice is rigid but can be shifted.  We have seen specific types of human deep 
learning methods challenge and transform individual mindset.  

When science and social belief disagree, what are we to do?  This question is of 
interest as we ensure equal access to higher education, consistent with United 
States founding documents. The case is be made that public schools are often 
anti-science in practice and certainly always mostly ignorant about what higher 
mathematics is.  This interference from religion is misplaced.  

Currently national education policy is without the type of clinical science our 
proposal will fund. A much needed correction to public thinking is possible. 
Clinical neuroscience should serve as a foundation to next generation education 
paradigms. Pathways programs provide by-passes to cultural concerns.   

Our central problem is that universities focus on other things rather than on 
getting high school students college-ready in mathematics and computing.  Why is 
this?  First, there is a strongly held belief, in state colleges of education, that such 
a mission could not be accomplished. So why try?  Second, something else occurs 
that hides current failures. There is a substitution of student learning outcome 
metrics that keeps curricular and placement reform sidelined.  

 
60 Démuth, Andrej. (2013). Perception Theories. 
61 https://en.wikipedia.org/wiki/Figure–ground_(perception) 
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The world is changing.  The American education system is not changing, at least 
not in a managed fashion. What is happening now is almost random, not linked to 
root causes created by colleges of education.  College is often about sports and 
social identity.  The consequence is that only around fifty percentage of 
Americans earn a college degree, an associate degree or higher. But of those that 
earn the college degree few individuals study higher mathematics. There is a 
question of relevance to the current degree offerings.   

The voting public in the United States of American have challenges to meet.  
These challenges require a highly educated American voting base.  We need to be 
able to discuss complex issues as a voting public, not coward in the voting booth.  
We need to understand transitions in environmental or cultural models with well-
defined transition states.   The public must know how to use AI, or AI will use 
the public.  It is that simple. 

Using systems theory, individuals will see affordances built for change.  In theory, 
a set of affordances can be recognized before the transition occurs.  When 
constraining dynamics are overwhelming, all elements of a system will act in one 
direction.  One metric indicating that something will soon happen is derived from 
measurement due to critical slowing down62.  The lull before the storm.   

Because change is delayed, change will occur suddenly.  Transformation is then 
over a very short period of time.  We expect that individualization using s-AI will 
be part of a sudden national transformation focused on shifting mindset about 
the learnability of mathematics from fixed and discriminatory to a growth 
mindset, defined in a most positive inclusive way. To study social mindset shifts 
we need linguistics.  To study individual mind shifts we need behavioral 
neuroscience.  

The end game is not clear. How might one college move in a direction counter to 
the system? Transformation, to be successful, must be clearly understood by all 
stake holders, in this case, all or most American citizens. Lofty goals can be 
established once SSDN ™’s tools are being used.  SSDN ™’s national project is 

 
62 https://en.wikipedia.org/wiki/Autopoiesis 
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designed to accelerate change and elevate concepts such as inclusiveness, open-
mindedness and awareness of science.   

The current challenge is to get the word out in an environment where academic 
leadership has been, for the most part, mute. Rather, we work allosterically, 
indirectly, to cause transformation from outside schools, colleges and universities.  
We show specific harm done by current systems.  

We are allowed to use science to indicate that a different type of pedagogy will 
produce far better results than what we have now in math classes.  Prueitt’s 
archives use the words of incoming freshman colleges students, reflected in 
principled use of computational linguistics (Design Principles 2020). This is done to 
reflect back to student a viewpoint that the individual student is expressing, but 
generalized into a memetic, mimicked, social construction.  An interaction then 
takes place between an individual and a mentor-avatar.   
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Questions 

What exactly is the second school?  Some will ask without wanting to wait around 
for an answer. Why is learning theory reform needed?  Others might ask.  These 
folks see illusions created by social confabulations for various types.  History has 
proven that the American education system cannot correct itself.  It does not 
know how to create universal higher education for all.  We cannot even get a 
heath care system that works for all.  Here and there yes, there are really good 
education processes in place.  Some benefit more than others does.  The benefit 
arises due to individual tolerance for forced-learning practices in schools, colleges 
and universities.  

Using business transformation practices, we create As-Is models and To-Be 
frameworks. Concerns about college preparation are all addressed. When there 
are questions, we provide well-grounded answers using behavioral neuroscience.  
What is the concern we have with schooling? 

American society has a fixed mindset about average human capabilities. It is 
widely believed that  average freshman college students cannot learn core 
concepts in higher mathematics63.  In the teaching profession the mind is even 
more closed.  It is professionally acceptable to continue to teach ‘math’ using 
forcing methods, punishment and discriminations in K-12 school classrooms.  
Mathematics is not what is taught anyway. Something else, ‘new math’, is taught. 
The new math curriculum might have made sense to some, but the 
implementation bordered on social stupidity.   

Social confabulations against learning any type of quantification shaped new math 
implementation, nationally.  New math is here to rid the population of the ability 
to learn college algebra, years later.    Think this through.  Why would we believe 
state-colleges-of-education-trained teachers have academic backgrounds sufficient 
to understand employment value from computing, higher mathematics and 
science to future generations.  

 
63 Hecht, C.A., Murphy, M.C., Dweck, C.S. et al. Shifting the mindset culture to address global educational 
disparities. npj Sci. Learn. 8, 29 (2023). https://doi.org/10.1038/s41539-023-00181-y 
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Those professors of education have poor opinions about math class.  They know 
nothing of modern behavioral neuroscience, or higher mathematics. They are 
engrained in false education theory, false theories of learning.  They are, however, 
in charge, these colleges of education.  Why are they in charge? The reasons are 
complex, let us take one example. 

School teacher PD ‘professional development’ training sessions are given unpaid 
overtime with required attendance.  If one wants to be a teacher one has to agree 
to this use of personal time. We repea:  these after-hours sessions are required 
non-paid overtime sessions.  PD sessions are used as a means to cover absence of 
academic knowledge regarding computing and mathematics by teachers. PD 
professionals hide the absence of knowledge about science and mathematics. 
There will be no regime change, they would say.   

We ask why they are in charge of teacher certification programs at state 
universities. It is all downhill from there. The same energy could be used to 
provide lifelong learning for school teachers, individually at a low cost.  Not 
forcing certification but allowing private learning opportunities that empower 
teachers.  In-service teacher continuing education is part of our twelve-year 
proposal.   

Proper academic assessment is another step towards fixing problems with college 
academic outcomes.  Linguistic type analytics provide sentiment analytics 
regarding student opinions about freshman math class requirements. Learning 
assessment done-right exposes dysfunction regarding objectives expected from 
college level general education.  
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Learning with AI 

Could innovation trends drive change in social mindset?  Innovation in 
education? How is this defined?  The future is uncertain. Student learning objects 
are not part of how HLC (Higher Learning Commission) accredits  community 
colleges.  HLC reform must be part of change in federal education policy. We 
begin to peal the onion. We see additional concerns.  There has been a slow start 
in adopting AI tools.  Other concerns are grouped around questions regarding 
universal learning access to American citizens.  

It is true that innovation is being marketed by almost everyone.  It is true that 
state universities appear to provide innovation leadership. Transformations that 
include AI tools are beginning to occur at some state universities and at some of 
the best liberal arts colleges.  Is this top down marketing by web design tools? Is 
there a true change in expectation and institutional commitment?  We cannot see.  
What we see is more of the same.  For example, freshman placement practices 
continue to be in place.  No one is really looking to change pedagogy. Narrowly 
defined case studies about child cognitive development are all we get from 
American education research.    

From past discussions it is apparent that national transformation leadership must 
come from outside the education profession. Students are measured as not 
prepared for college. This is a given. We must accept this.  Nothing more can be 
done.  Learning with AI tools, like ALEKS ™ and Knewton-alta ™ has become 
more acceptable.  However, school and college practices have not changed.  The 
individual is still treated as part of a much larger group.  Discriminations of 
various sorts are almost completely the means to place an individual into a group.   

An established mindset is strongly held by faculty and staff. An outside force of 
proper magnitude is required. With the AI tools, and with deep learning methods, 
this force requires enterprise management tools as well as initial federal support.64 
Given financial support, existing well understood business transformation tools 
will guide global transformation.  

 
64 The book Starting Second School is a non-solicited request for federal support over a twelve-year period.   
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We are proposing that AI based transformation is required from current 
pedagogy to a non-forcing pedagogy.  We feel that this will not happen without a 
paradigm shift occurring in colleges of education.  The shift is not likely to come 
from colleges of education.  These organizations resist math, science and AI 
education. American education leadership presents the public with a unified face. 
65  

Let us look at this a big more.  Social mindsets have reflections in individual 
mindsets. The education system itself assumes most individuals will not be able to 
master any element of higher mathematics, at the level required to earn our two 
year college degree in digital science.  In the current situation case, millions of 
graduating seniors ‘know’ he or she cannot learn college algebra. Freshman math 
students say this to professors at state universities. Again, this may not be visible 
in the best colleges and universities.   

Let us be clear. Mathematics is not what is taught to most school students.  
Students are taught that mathematics is something that has theory and theory 
cannot and should not be learned.  It is theory that is inconsistent with cultural 
beliefs, some would claim.  This is the fixed mindset we are concerned with. 
There are profound and easily identified causes for a powerful, unbreakable, 
personal belief that math cannot be learned. We have conjectured that the minds 
of these individuals have been frozen into the fixed mindset due to educational 
experiences in math class.   

Prueitt’s book (2020), Design Principles, examines a conjecture. Beginning in 1984 
he began to question why freshman college students are disdainful towards liberal 
arts math class.   He now believes, in 2026, that discriminatory outcome from 
American education systems results in harm to society.  With modern science the 
public can understand what has happened and what to do to make the correction.  
American educational theory is based on specific social mythologies, many of 
which cause specific classroom discriminations.  

 
65 Lowenhaupt, R. (2021). School Leadership in the United States: Evolving Responsibilities in Times of 
Change. In: Normand, R., Moos, L., Liu, M., Tulowitzki, P. (eds) The Cultural and Social Foundations of 
Educational Leadership. Educational Governance Research, vol 16. Springer, Cham. 
https://doi.org/10.1007/978-3-030-74497-7_10 
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Reform leadership in colleges of education has been difficult to establish. It seems 
clear that state university colleges of education hold us back from advancing 
universal access to higher learning.  States’ education systems have been 
unfocused.  All of us suffers as a result.  Something has been going on for a long 
time.   

Why is there distain towards college math classes by freshman? How is fixed 
mindset propagated socially?  Evidence is gained regarding lines of clinical 
research. Good questions are derived from analytics methods applied to text and 
image snippets.  Using analytic methods, we see individual evidence of a shift in 
personal perception.  Clinical trials are now possible.  Given proper funding, 
clinical science will prove the existence of Acquired Learning Disability (ALDs).  
Furthermore, we believe that ALDs will be linked to neurological metrics about 
personal mindset.  

A transformation process is designed.  The process is guided by algorithms and 
by peer-mentors with avatars. Individuals are given choices as to how to study 
and what to study.  They are guided through a core curriculum. Individuals are 
encouraged to study other areas of higher mathematics.  We do not assume the 
average kid incapable of learning these concepts.  Our programs implement 
individualized . Using choice as a remediation method separates future 
experiences from past experiences in math classes.  

The best time for intervention is the summer before a student’s freshman year in 
college.  In our model, intervention occurs before registering in college for the 
first time.  Each SSDN ™  enrolled individual has a fresh start, one that is entirely 
controlled by him or herself. The pace of learning is not graded.  Stress is lowered. 
Topic selection is made with assistance from simple AI algorithms66. Using 
existing low cost commercial tools, we individualize sequences of instructional 
models in general education mathematics and computing course sections.  

Prueitt’s Conjecture  

 
66 Prueitt, Paul Stephen: Deep Learning Manual Series Pathways the Book (2026) Published by Applied 
Knowledge Sciences Press 
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Prueitt’s Conjecture focuses future research on a claim that cognitive and 
behavioral blocks arise from common school and college classroom practices.  
Linguistic tools are used in the creation of an index over a set of student text 
snippets.  

He suggests we remediate for ALDs before the freshman year. Many entering 
freshman will study both calculus and statistics. Many more students will properly 
study data science.   

Pathways programs are designed to implement three processes,  

• pre-freshman placement,  

• freshman curriculum refinement and  

• a new college degree in digital science.  

Unlike data science college associate degrees, Prueitt’s two-year college degree 
program includes statistics and calculus pathways as well as study of databases, 
data repositories, Python and ANSI C. Pathways programs provide solid university 
level work in mathematics and computing. We also read from the history of AI 
and build individual understanding about what AI is not and never will be. 
Colleges adopt our programs because it is to their advantage to do so. Certain 
social mythologies are discussed.   

Human Deep Learning (HDL) methods67 apply universally to learning practices 
both for the individual and for a classroom.  The use of these methods, along 
with use of ALEKS ™ for placement, improves the freshman class. How might 
we establish new freshman enrollment policy consistent with these ideas? The 
answer is found in business transformation tools. Use of these tools could change 
perceptions of millions of individuals as well as academic programs at state 
colleges of education. All of this starts with individualization of college level 
instruction.  

Digital tools are applied in the study of computational linguistics and biology. 
Using digital tools, we find biological structure in how individuals communicate 

 
67 Prueitt, Paul Stephen: Deep Learning Manual Series Pathways the Book (2026) Published by Applied 
Knowledge Sciences Press 
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within context.  We find evidence for phenomenon that clinical science is just 
now beginning to investigate.  

We advance two objectives, the digital science degree and placement and 
advancement practices.  Commercial products offer peer-mentoring directly to 
individuals on how to use AI.  The business model uses simplified-AI at low cost. 
Individuals learn how to learn computing and mathematics freely without outside 
judgement or discrimination.  As part of SSDN ™’s business model, we shape 
cohort-based instruction into monthly durations.  ALEKS ™ software is used for 
placement, assessment, and content tutoring.  
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SSDN ™ ‘s Transformation  

SSDN ™’s proposed transformation process is governed by a business 
infrastructure similar to a fast food chain or chain of coffee houses. This structure 
is already partially in place. Market forces govern as Pathways programs shift 
national attention to academic learning.  SSDN ™’s main product is a three 
month Academic Advancement Program (AAP) to computing, pre-calculus and 
pre-statistics curriculum at the university level.  A projected cost is $480 for a 
three month program, less ($160) if only one month is required to meet 
reasonable student learning objectives, see Pathways (2026)  The central roadblock 
is the current mindset.  

First full week of each month is for registration. Three-weeks are reserved for 
prescriptive cycles. When university professors grade exams, they are using a 
cognitive distillation process. ALEKS and Knewton-alta does a similar thing.  
SSDN ™ adds peer-mentoring.  Academic Prescription (AP) provides means for 
assigned peer-mentors to communicate to a student. This mentoring is achieved 
anonymously.   

SecondSchool prescriptions ™ are informed by formal processes that produce 
small group cognitive distillation. Distillations to decisions are made intuitively 
and aided by sense making algorithms.  SSDN ™’s digital science degree explains 
how.  
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Chapter Three: Non-Forcing Pedagogy 

In Chapter One we discuss underlying reasons why federal dollars should be spent 
to create a national transformation in American education practices.  We focus 
specifically to difficulties that high school students have with university level 
mathematics and computer science curriculum.  Our main concern is with 
institutions of higher learning, in particular colleges of education, where we observe 
entrenched forced-learning pedagogy by those in charge of teacher certification 
practices. We observe that teacher education for staffing math classes is based on 
false beliefs about the learnability of higher mathematics.  The reality of this is 
difficult to understand until we use systems theory and a review of history. 

In Chapter Two, we moved through a series of discussions about how  
transformation is assisted if we first simplify AI.  AI is a two sided sword, one side 
controlled by pure mythology and the other side struggling to become the means 
through which SSDN ™’s already piloted programs are scaled to a national level, 
available to all graduating seniors.   

Simplification is completed by removing the need for statistical inferencing on 
trillion node graph structures called Large Language Models or LLMs.   We see 
localization of the construction of language models using only a Mac Mini 
computer68. Semantic Net (3.0) standards and two types of arithmetic algorithms 
produce small applications that are separatable from the Internet. With minimal 
operating systems we build virtual education infrastructure.  This does not do 
accounts payable, only SDN ™’s academic advancement and placement services.  

We introduce non-forcing pedagogy, both to prepare students for college and to 
provide curriculum for a two-year degree program in digital science. Using deep 
learning methods we advance individual understanding about university level 
curriculums. We eliminate from AI practices environmentally expensive statistical 
processing69. We teach digital knowledge discovery fundamentals in two years of 
college.   

 
68 https://codersera.com/blog/mac-as-a-local-llm-server-2026/ 
69 Statistical distributions are never normal.  This is not the only concern we have about AI built entirely from 
statistical distributions.   
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The big picture includes new studies in clinical science. Clinical science has begun 
to answer questions about human fixed mindset.   What regions of the human 
brain are involved in holding a fixed mindset?  Where would we expect to find 
neurological activity when a ‘I changed my mind’ type individual perceptual shift has 
occurred. We propose to fund university research on subconscious frames of 
reference.70 71   

When grading material, such as a written exam, an instructor will develop intuitions 
about what a student’s concerns are72  At secondSchool.net we talk about a 
distillation process that mirrors some element of brain architecture.  Semantic Web 
(SW 3.0) design has a human side and a machine side. This separation is because 
biological distillation is not a computation73.  This point is important to notice.  

A natural process is conjected to be formative from a small set of primitives. The 
set is defined to have underlying atomic structures change in number.   The set of 
atoms may change in size and in natures.  A formal system is build having 
established a reasonable number of linear dimensions.  We measure something that 
undergoes changes in how a small set of atoms are behaving.   

What does this mean?  Are engrams74 a type of atomic structure from which human 
thought is composed?  The literature would say yes. Mental coherence develops at 
many temporal levels; these level may be modeled separately.  Emergent processes  
involve cross organizational scale interactions.  Human learning is a Rosen 
complex75 phenomenon.  

Simplified-AI 

Prueitt’s 1988 dissertation was modeling an immune system and neural system 
that work together to produce natural intelligence.  His attempt, way back then, 

 
70 Changing frames of reference suggests a role of cerebellum and frontal cortex in shifting situational focus 
71 Dissertation: Prueitt, P.S. (1988) Some techniques in mathematical modeling of biological systems exhibiting learning, 
PHD Thesis, in Pure and Applied Mathematics, University of Texas at Arlington Press 
72 Prueitt, Paul Stephen Deep Learning Manual Series: Pathways the Book (2026) Published by Applied Knowledge 
Sciences Press.  There are many lines of scholarship in the complexity science that point to organizational scales, 
with one time scale holding the atoms of the molecules in the shower time scale.   
73 See previous paper (2026): http://www.secondschool.net/tP.pdf  
74 https://en.wikipedia.org/wiki/Karl_Lashley 
75 https://en.wikipedia.org/wiki/Robert_Rosen_(biologist) 
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was to understand cognitive behavior noticed in his freshman general education 
math classes.  This thesis could not then be supported by research literatures. 
Prueitt’s Conjecture was outside what colleges of education were willing to accept 
as PhD level scholarship.   

During the period 2021-2026, he provided individual access to college 
mathematics content, via virtual simplified AI-based learning systems76.  He 
taught over 1200 Navaho students, mostly in a virtual format. Deindividualization 
of parts of student narratives were obtained through a multi-step process.   

Some new computer science was also developed. Prueitt’s s-AI model provides 
decision support, without the need to be connected to the Internet.  s-AI can run 
outside the Internet.  Algorithms encode data collected from student assignments. 
De-individualized data is encoded into a model of human brain function. The 
result is individualized guidance automated using digital learning platforms like 
ALEKS ™ . 

We build a ‘back-plate’ for modeling language designs, like UML (Unified Modeling 
Language)77 or Cubicon78. These innovations in digital intelligence simplify 
operational s-AI on a small footprint and outside the clouds.   

Individualized choice on when, where, what, how to learn is given by a PhD level 
professor virtually from Zoom sessions.  Access is also given to our students via 
topic indexed digital recordings and with use of curriculum digital knowledge 
spaces (DKSs).  The process becomes a private individualized instruction process 
using a Semantic Web79 (SW 3.0) program that runs on a phone or computer. 

SSDN ™’s tools measure academic performance.  SecondSchool ™ uses adaptive 
learning platforms and avatar type peer-mentoring. The predicted results have far-
reaching impact of learning theory.  

 
76 From the URL: www.secondSchool.net 
77 https://en.wikipedia.org/wiki/Unified_Modeling_Language 
78 Discussions with SSDN ™ leadership about Cubicon modeling languages may be requested.  
79 https://en.wikipedia.org/wiki/Semantic_Web 
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SSDN ™’s tools measure academic performance.  SecondSchool ™ uses adaptive 
learning platforms and avatar type peer-mentoring. The predicted results have far-
reaching impact of learning theory.  

 

Software Interface from 2002 

Since 1988 we have accumulated evidence about college student learning outcomes 
(SLOs) in computer science and mathematics courses80.  We have SCNs  (Student 
Concept Narratives), going back to 1988, as a means to measure learning as well as 
provide continual measurement on student progress.  We use ALEKS ™ learning 
modules. SCNs are handwritten student narratives about concepts in college level 
mathematics.  

These papers are written by students using proper mathematical notation. A small 
set of notational elements like ‘set intersection’ are difficult to produce using 
keyboards How to use a set of mathematical notational elements is taught using 
virtual tools by a professor, having PhD in mathematics. A language is shared 
between professor, students and peer-mentors.  .  

 

 
80 Deep Learning Manual Series: Foundations (2017) Published by Applied Knowledge Sciences Press 
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Foundations 

Instructions for how to inquire individually about core concepts in foundations to 
mathematics were first published in 2017 in Foundations.81 In later books, the 
concept of an academic prescription is introduced.  Academic Prescriptions (APs) 
are short-term individual learning contracts between Mentor Circle (MC ™) peer-
mentors and SSDN ™ enrolled individuals.  The term, ‘AP’, was developed from 
Prueitt’s experiences teaching high school dual enrollment trigonometry (2015).  

In that year, Prueitt developed a plan to extend a Mentor Circle (MC ™) type 
business to the service areas of rural community colleges in West Texas82. 
Developing a new college ready program for rural community colleges in Texas, 
and elsewhere, is not as easy as one would think.  Gaining social stature with rural 
community colleges is part of the reason why a neurological theory about 
cerebellum involvement in fixed and growth mindset is important83.  

We apply formalized assessment methods to computer science and to elements of 
mathematics needed to know what genetic algorithms and artificial neural 
networks are84. In doing this we build on a low cost virtual placement process, 
available from ALEKS.com.  This process is consistent with our use of Human 
Deep Learning methods. In the following image, we show two parts from one 
blank paper exam without identifying the individual’s name (from 2018). 

Writing higher mathematical notation in story-like formats allows students to 
become self-directed in learning habits.   

 
81 Deep Learning Manual Series: Foundations: (2017) Published by Applied Knowledge Sciences Press 
82 His effort was not supported by any of the community colleges in West Texas but was supported by one of 
the high schools.   
83 https://my.clevelandclinic.org/health/body/23418-cerebellum 
84 https://en.wikipedia.org/wiki/Neural_network_(machine_learning) 
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Prescription, Treatment and Assessment SCN (2018)  

When we look at graphical representation of curriculum topics, we look at an 
abstraction.  Topic names are next to digital nodes in a graph.   

Information that is developed from past evaluations enrich graphs locally around 
each node. Topic narratives allow each student a newfound freedom to express as 
seems proper to him or her.  The rules for creating a SCN are purposefully left 
vague so that each student makes up a format for his or her SCN.   

 

Student handwritten List (2015) 

List making may be applied to daily life. Adaptive learning platforms create capacity 
to understand the boundaries between what an individual is comfortable with and 
what has yet to be internalized.   
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A two-sided sematic web app85 is engaged by individuals.  On the other side of a 
digital interface is a graph-based representation of academic curriculums. Students 
see location within the required curriculum and boundaries as to what he or she is 
responsible for. Professors see self-directed learning about core concepts that could 
have been learned while in K-12 school math class.  

A visual graph is used to guide studies in various academic disciplines. An abstract 
model is made about aspects and relational features. These are defined as data and 
encoded in graph databases.  These representations are output from next generation 
machine learning. You make a list, then separate that list into two parts.  Names are 
then embellished by two sided semantic web apps.  

 

 
85 https://en.wikipedia.org/wiki/Semantic_Web 
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List Making 

If a list is a list of topic names, we are already using deep human learning methods.  
Lists allow a human brain/mind system to connect human and machine learning. 
Applying list-making strategies to learning tasks seems simple enough.  However, 
imagine making a list of topics from a math textbook.   

 

Listing Topics Abstract 

We estimate that an effort to produce a list of topics from college algebra produces 
stress on individuals.  Math anxiety is complex, perhaps affecting more than 80% 
of the American population. We conjecture that experiences in math class are one 
of several reasons why freshman college students cannot learn college algebra. We 
have evidence that this acquired learning disability is remediated using Prueitt’s 
method.  

Students are asked to select one topic from each list, so that each of the two topics 
may be used separately to describe knowledge of topics.  The student is then asked 
to write a short paper, using proper notation, on how exercises are completed where 
self-selected topics are a focus of a story. Again, the rules are to make up yourself 
how to produce a SCN. This way more choice is experienced by the individual.  

Human Deep Learning (HDL) methods create a list containing topic names.  In 
short three-week virtual cohort-based instruction sessions, enrolled individuals are 
asked to make lists and then separate lists into the two parts:  

• Those items with which you are comfortable and  

• Those with which you are not.   
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This is a first step in developing an appreciation of methods that will, in most cases, 
undue the past experiences in math class.   

A topic list is a placeholder for knowledge that becomes attached to a name.  With 
a list one sees a range of situations in which we find ourselves.  Making a list each 
day allows the individual mind to do something different from the others in his or 
her math class.  Individualization starts with human list making.  

There are life lessons available to us.  Data analytics on text and image snippets 
produce complex capacity to model college student opinions as well as individual 
real-time capabilities. The same is true for middle school and high school students.  

Academic Prescriptions engage learners in a communicative process about pure 
concepts.  Specific methods include:  

• Separation of study time into short durations 

• Writing mathematics to learn mathematics, and 

• Focus off, Focus on, Repeat exercises. 
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Chapter Four: Minimal Voting Procedure (mVP) 

Re-published: (in current edit: Saturday, September 5, 2026) 

First Published, in Moscow Russia:  1997 
 

To instantiate a voting procedure, we need the following triple  

< C, O1, O2 > : 

·  A set of categories C = { Cq } as defined by a training set O1. 

·  A means to produce a document representational set for members of O1. 

·  A means to produce a document representational set for members of a 
test set, O2  

86. 

We assume that we have a training collection O1 with m document passages, 

O1 = { d1 , d2 , . . . , dm } 

Documents or single passages are identified as proto-type, something to look for87.  
Scatter-Gather (S/G) algorithms and a minimal voting procedure (MVP) together 
provide machine learning with a generalized sense making architecture for Semantic 
Web (3.0) applications to run on digitally. The notion introduced above is 
generalized to replace document objects with a more abstract notion of "object". 

Consider a set of objects. 

O = { O1 , O2 , . . . , Oq }. 

 
86 We use variations of n-gram analytics.  In SSDN ™’s digital science degree program, students set up folk 
taxonomy and measurements of learning strengths related to topic areas. Thesaurus and other linguistic 
information allow Semantic Web interactions between digital devices and human or human teams. Students 
study structure of social discourse between SSDN ™ enrolled students and MC ™, a team of trained peer-
mentors for one population of students. 
87 Decomposition of text files is discussed in length in Design Principles and Pathways the Book.  
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These objects are digital documents, semantic passages expressed in text of 
documents, or other classes of objects, such as data objects form electromagnetic 
events, or coefficients of spectral transforms88.  

How events are observed is critical to digital science.  Some representational 
procedure is used to compute an "observation" Dr about the semantics of the set 
of text passages or other digital objects. The subscript r is used to remind us that 
various types of observations are possible.   

Human observation of different objects may result in different representational 
sets. Different rules for ordering objects, or placing digital objects into object 
taxonomies, are possible.  Changes in rules provide varied results, as they should.  
Human-in-the-loop design provides direct manipulation of small text files, and 
these files control rules and taxonomy even without connection to the Internet.   

Small digital ontology may be constructed without connection to the Internet. We 
treat the cell phone or separated digital device simply as a finite system of finite 
state machines.  Upon this construction we lay digital graphs.   General principles 
are involved in measurement of behavior and structure of digital objects.  89 

 

 
88 We use one or more observations about a category of objects.  We develop the ability to understand natural 
processes that produce actions in the world.  
89 Small footprint finite state machines run separately from Internet connectivity to provides real time decision 
support and sentiment analytics.  This is the simplification of LLMs to small Language Models (LM).  
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Application to Linguistics 

For linguistic analysis, each observation produces a set of theme phrases { t }. We 
use the following notion to indicate this: 

Dr : --> { t1 , t2 , . . . , tm } 

The subscript is used to indicate that the set is ordered by an integer index { i | i = 
1, . . . , m}, where m is the size of the indexed set.   

This notion is read as the observation Dr of a passage di produces the theme phrase 
representational set  

{ t1 , t2 , . . . , tn }. 

We now combine these passage level representations. 

Each "observation", Dr , of the passages in the training set O1 produces a "set" of 
theme phrases 

Dr : -->  Tk  ={  t1 , t2 , . . . , tn } 

The size of Tk  is the integer n. This integer is dependent on the parameter r.  Now 
let A be the union of the individual passage representational sets Tk in O1. 

A = Union Tk. 

Note that the size of A will not be ‘n’ unless k = 1, there is only one observation. 
This set A is the representation set for the complete training collection O1 . We 
think of this as a set of atoms.   

Minimal voting procedures compose small subsets from set A into digital 
representations of event molecules. Observations are occurring on the atomic level 
separate from observations on aggregated wholes. A Mill’s logic is used. 90 

The set A may be partitioned manually, with overlaps, to match categories to which 
passages were assigned. Let T*q  be the union of all theme phrase representation 
sets { Tk | k is over an index} for all passages that are assigned to the category q. 

 
90 https://en.wikipedia.org/wiki/A_System_of_Logic 
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Assignment is a separated process. Assignment is made manually on one side of 
the two-sided Semantic Web application.  

T*q =  All elements tk in some subset of the set A such that tk is assigned to the 
category q. 

Using the * we are certifying a reification of category assignment to all the elements 
in A, the set of atoms in O1.  The category representation set, T*q, is thus defined 
for each category number q. 

T*q = { t1 , t2 , . . . , tn }. 

Where n has a dependance on the category q.   

T*q is the atomic representation for the category q from O1. Overlap between 
category representation T*q, and T*s, is one measure of the "cognitive 
entanglement" between category T*q and category T*s.  This fact leads to a method 
for identifying the minimal intersections of structural features of category 
representational sets. Situational seasoning with limited, incomplete and possibly 
false information is made possible91.   

 

 
91 https://en.wikipedia.org/wiki/Situation_awareness 
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Mill’s Logics 

We use a type of Mill’s logic.  J. S. Mill’s logics rely on the discovery of meaningful 
subsets of representational elements.  

The first principles of J S Mill’s argumentation are: 

1.  That negative evidence should be acquired as well as positive evidence. 

2. That a bi-level argumentation should involve a decomposition of 
passages and categories into a set of representational phrases. 

3.  That the comparison of passage and category representation should 
generalize (provide the grounding for computational induction) from the 
training set to the test set. 

It is assumed that each "observation", Dk, of the test set O2 is composed from a 
"set" of basic elements92.  In order to simplify our architecture, we may select to 
have only the theme phrases in A.  The atoms in the set A are composed into 
nearest cluster of word distributions from documents, or objects, in O2.  There are 
many ways to do this, and all of these way are easily represented visually as 
knowledge graphs.   

Subsets of the set A are composed, or aggregated, into wholes that, when seen by 
a human, are meaningful in a context that depends on characteristics of basic 
elements.  A general framework provides for situational reasoning93 and 
computational argumentation about natural systems. 

For the time being, we may assume that the set of basic elements is the full phrase 
representational set 

A = Union Tk. 

for the training collection O1. 

Given the data: 

 
92 This assignment must be checked since algorithms create digital confabulations.  
93 We use types of what are properly referred to as Mill’s stratified logics. See:   
https://en.wikipedia.org/wiki/A_System_of_Logic 
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T*q for each C q , q = 1, . . , n 

and the representational sets Tk , from observations Dk, for each passage, dk, from 
the test set O2, we generate the hypothesis that the observation. Dk should be 
categorized into category q. 94 

We make the following inquiries for each element ti of the representational set Tk: 

1. Does an observation of a passage, Dk, have the property p, where p is 
the property that this specific representational element, ti , is also a member 
of the representational set T*q for category q. 

2.  Does an observation of a passage, Dk, have the property p, where p is 
the property that this specific representational element, ti , is not a member 
of the representational set T*q for category q. 

Truth of the first inquiry produces a positive vote, from the single passage level 
representational element, that the passage is in the category.  Truth of the second 
inquiry produces a negative vote, from the single representational element, that the 
passage is not in the category.  

These votes are tallied.  Machine learning results are generalized to arbitrary 
investigations, where a proper means to measure processes are in place.  

We propose a data structure for recording votes. For each passage, dk , we define 
the matrix Ak as a rectangular matrix of size m x h where m is the size of a specific 
passage representational set Tk, and h is the number of categories. The passages are 
indexed by k.  Each passage has its own matrix. The sum of each row is the tally 
for ti.  

Each element ti of Tk, will get to vote for or against the hypothesis that this kth 
passage should be in the category having the category representational set T*q. 
Thus, Ak is defined by the rule: 

ai,j = - 1 if the phrase is not in T*q 

 
94 T*q can be used as a LLM (large language model) prompt.  Prompt information is placed in service by using 
the collection of phrases in the representational set for Dk .   
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or 

ai,j  = 1 if the phrase is in T*q 

Matrix Ak is used to store the individual + - votes placed by each agent (i.e., the 
representational element of the phrase representation of the passage.) 

This linear model can produce ties for first place.  A human should make a choice.  
Moreover, a human may disagree with how the LLM prompt is working and asks 
to replace first place with second place.  This is very quick since placement 
information is stored in a small computer file.  

The model places a semi-order (having ties for places) on the categories by counting 
discrete votes for and against the hypothesis that the document is in that category. 
A second data structure records weighted votes.  A non-linear (weighted) model 
uses internal and external weighting to reduce the probability of ties to near zero 
and to account for structural relationships between themes. 

Matrix Bk is defined: 

bi,j  = ai,j  * (weight of the phrase in Tk) 

if the phrase is not in T*q 

or 

bi,j  = ai,j  * (weight of the phrase in T*k) 

if the phrase is in T*q 

This difference between the two multipliers is necessary and sufficient to break ties 
resulting from the linear model (matrix Ak). Weights for phrase strength are 
calculated in various ways.  

A data structure records the results.  For each passage representation and each 
category, the tally is made from the matrix Bk and stored in a matrix C having the 
same number of records as the size of the document collection and having h 
columns; one column for each category.   

The information in matrix C is transformed into a matrix D having the same 
dimension as C. The elements of each row in C are reordered by the tally values.  
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To illustrate, suppose we have only 4 categories and passage 1 tallies  

{-1214,-835,451,1242} for categories 1, 2, 3 and 4 respectively. 

So 

cat1 --> -1214,     cat2 --> -835,     cat3 --> 451 and.    cat4 --> 1242. 

By holding these assignments constant and ordering the elements by size of tally 
we have the permutation of the ordering ( 1, 2, 3, 4) to the ordering (4, 2, 3, 1). 

( 1, 2, 3, 4) -->  ( 4, 2, 3, 1). 

This results show that for passage 1, the first place placement is category 4, the 
second place is category 2, etc. The matrix D would then have (4, 2, 3, 1), as its first 
row. 
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Chapter Five: Program Development 

We develop academic programs that institutions of higher learning copy and 
participate in as part of a larger inter-disciplinary approach to digital thinking.    
Chapter Three gives part of two types of simplification algorithms, one of the 
Prueitt voting procedures. These algorithms address and output RDF triples. The 
other type are the S/G algorithms. 

We understand that AI is not a natural intelligence is. We do not mistake digital 
devices as intelligent and as having emotions.  We then begin to understand how 
to use AI as if it was a book, or a library. The next chapter, Chapter Five, provides 
a short overview of elements of complexity theory95 and behavioral neuroscience96.  

Objectives:  

Our long-term objective is to improve over-all quality in post-secondary STEM 
education, particularly in various branches of data science.  We coin the phrase 
‘digital science’. Digital science has calculus I and II plus two semesters of 
probability and statistics.  This degree program can be enrolled in only if the 
individuals has completed an Academic Advancement and Placement program.  

Academic Advancement and Placement (AAP) using ALEKS ™ is conducted 
virtually using design elements discussions by Prueitt in his previous books.  As 
part of AAP programs, pre-calculus, and pre-statistics is developed in scheduled 
Zoom sessions with a PhD level mathematician in short three-week virtual-cohort 
based courses, offered for enrollment during the first week of each month.  We will 
teach the history of AI at more than one college or university.   

First Year Objectives 

We define, on paper, a two-year Associate of Science degree in mathematics 
oriented towards computational mathematics.  This two-year college degree 
program is oriented towards data science, property certified by SSDN ™ education 
services.  Certification programs are offered to SSDN ™ enrolled students, after 
completion of an advancement and placement program.   

 
95 Boje, David. “What Is Complexity Science?” Emergence, emergentpublications.com, 2001. 
96 https://en.wikipedia.org/wiki/Behavioral_neuroscience 
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Certifications occur at the end of each month.  We develop a minor in computer 
science by adding database courses and algorithms courses to several college 
catalogues. MC ™ is designed to be a locally owned business supported by 
franchise agreements. Mathematics Mentor Circle (MC ™)97 staff members 
develop stipend resources awarded to mathematics or computer science majors. 
However, initial external funding is sought that provides scholarships (see Starting 
Second School, 2020) from each MC ™.  

Our degree’s coursework includes courses in graph databases, algorithms used in 
data science, and modeling languages like UML, NeXTSTEP OS98, Cubicon.  Our 
two-year Associate of Science is 60 credits, including 32 contact hours for general 
education requirements like language study, cultural studies, literature, and history.  
Lastly, we ensure that our proposed two, and four, year college degrees transfer to 
American universities.   

Second Year Objectives 

MOUs are established with a selected number of American colleges and universities 
in the second year.  Mentor Circle ™ programs (see Pathways the Book) will continue 
to develop new means to use off-the-shelf AI-based mathematics instruction, 
human deep learning methods and cultural language that explains digital science to 
an increasingly educated public. We will individualize virtual instruction in 
freshman and junior year higher mathematics, including computing sciences. Some 
of this effort will be in support of one or more college or university faculty.  

Locally owned means locally controlled.  Many community colleges serve specific 
cultural groups of humans.  We call these groups a ‘college service area’ (CSA).  Our 
corporate offices use computational linguistics with native languages as source 
languages and other languages as target languages.  Our SSDN ™ students develop 
an understand of cultural use of words by the group of students self-identifying as 
belonging to a group, a sub-population.   

What we call a ‘Folk Taxonomy’ (FT) is created by the students, then used to advise 
unknown individuals on how to learn from ALEKS ™. We then use Academic 

 
97 Deep Learning Manual Series Pathways the Book (2026) Published by Applied Knowledge Sciences Press 
98 https://en.wikipedia.org/wiki/NeXTSTEP 
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Prescriptions (APs) to aid that one individual regarding be successful in learning 
academic subjects.  Digital communication between MC ™ enrolled individual and 
local MC ™ business follows the SW 3.0 standard99.   

In the second year we will show progress in our collective understand of natural 
language.  From a new academic field, digital science, we will understand our own 
human limitations as natural intelligence living in a complex universe.  Our social 
world now has digital devices.  These will not go away.  We must learn to 
understand and use digital devices while being aware that semantic web interfaces 
are designed to appear as if a human peer-mentor. This deception must be 
understood by everyone.  How is this to be accomplished?  

Simplified-AI is used by SSDN ™’s peer-mentors.  Data is gathered without private 
identification, such as a name or location.  By employment contract MC ™ staff 
avoids person-to-person contact or communication.  Communications between 
peers occurs through a two sided semantic web.  The Mentor Avatar is seen as a 
AI-based-mentor and not a person.  Achieving this perception is a student learning 
objective (SLO).  

We predict that for over 60% of individuals, less than three MC ™ monthly 
enrollments are sufficient to cause a shift in capability, wrt math. The cost for three 
monthly enrollments is 480 dollars. Self-image advances to a new mindset, a 
mindset that allows one person to move intellectually through undergraduate 
academic disciplines. 

The mentor must be helpful to the learning process.  This level of mentoring is 
similar to the notion of a Socratic Dialog.  There are two contributing sides.  Peer-
mentors see themselves as members of, for example the Hopi Tribe.  These peer 
individuals are domain-experts in how to use human deep learning methods and 
Digital Knowledge Space (DKS) based technology, but not in mathematics.   

Always, there is a PhD level trained mathematician providing scheduled Zoom 
sessions. The MC ™ professor is able to teach mathematics without the additional 
challenges caused by social distain towards math class.  

 
99 https://en.wikipedia.org/wiki/USB_3.0 
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Peer-mentors advise an abstract category of individuals, to which the student and 
peer have both self-identified.  Cultural experiences are shared.  This 
communication occurs without private data being exchanged, a feat possible due 
to algorithms and analytics.  The process is understood by MC ™ staff and 
regulated due to employment contracts. Only after completing one or more courses 
using Knewton-alta ™ or ALEKS ™, does a local business, a MC ™ franchise, 
certify MC ™ peer-mentors.  Recertification occurs each academic semester, three 
times a year.   

In the second year of our twelve-year plan the Pathways project will establish at least 
four francized businesses.  MC ™ businesses are restricted, by francize agreements, 
to serve specific sub-populations living in the United States.  Tribal colleges, for 
example serve certified members of a certain number of American Indian social 
units. There are significant cultural reasons for only serving ‘our people’.  

Cultural Studies in some form is taught using two general education courses.  SSDN 
™’s degree course requirement for cultural general education is six weekly contact 
hours, sixteen weeks or ninety-six hours of Zoom sessions.  This is the standard 
number of house as required by HLC (Higher Learning Commission) for a three 
hour college course. To be successful, these credits must be transferable to and 
from members of an NSF recognized Tribal Colleges and Universities (TCU) 
organization.  

Third Year Objectives 

Agreements are created to collaborate on mutual academic degrees and college 
certificate programs with additional institutional members. A reserves fund of 
100K per year is assigned to four selected colleges for last year of our three year 
founding plan100.  This is to make some changes to the freshman placement 
processes.   

An additional nine years of a twelve year program, has mission goals developed 
during the third year of the start-up.  Full Academic Program Review is made and 
final reports published as a book or as a series of books.   

 
100 900K is used according to a plan of action and management document, at around 300K per year. 
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Assessments 

During first two years of a three year plan, we refine a range of existing learning 
assessment strategies to include bi-yearly gathering of statistical data. Assessment 
at the individual, course and program level is expected and completed. Our 
assessment focuses on  computer science and mathematics student progress during 
first two years of university-level computer science and computational 
mathematics.   

Metrics are extended into multiyear longitudinal studies on student performance 
during and after SSDN ™ program completion.   

Metrics will be defined to assess the two-year degree program in which our efforts 
open more doors to computer science.  The development of digital science is also 
assessed by looking at research publications.  We encourage student-lead faculty 
publications in computational sciences.101 

Change in Pedagogy 

Using AI based learning platforms, we eliminate high stress testing and forced 
learning of topics in mathematics curriculum. Greater choice is given to each 
student. Other academic topic will be added as the knowledge sharing technology102 
continues to develop. Many AI based learning platforms provide individualized 
pathways into higher mathematics103. Course work can be far more individualized 
than college and universities now provide. However, there are cultural issues and 
issues with respect to local, state and federal support.   

SSDN ™ ‘s digital Academic Advancement and Placement (AAP) program directly 
addresses cultural groundings via the creation of the SSDN ™ network of locally 
owned businesses, the MC ™ chapter house.  Academic Advancement and 
Placement (AAP) programs have a metric on each individual for each core topic.  

 
101 Assessments of new courses follow a process approved by leadership at HLC (Higher Learning 
Commission).   
102 Zamiri, Majid & Esmaeili, Ali. (2024). Methods and Technologies for Supporting Knowledge Sharing within 
Learning Communities: A Systematic Literature Review. Administrative Sciences. 14. 17. 
10.3390/admsci14010017. 
103 Cho, Mikyung, Kin, Seyoung (2025) Analyzing AI-base educational platforms for supporting personalized 
mathematics learning.  
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This data is shared only with one SSDN ™ enrolled individual.  When individuals 
un-enrolls all data about the individual is deleted from the local chapter house 
serving that individual.  Personally-identifying data is deleted after student requests 
an issue of completion certification.  Re-enrollment creates a new placement 
process with data housed within a Digital Knowledge Base (DKB).  

Assessment is made regarding effectiveness of DKS type learning platforms when 
human learning methods are employed. In particular, principles from behavioral 
neuroscience are used to communicate about how shifts in individual viewpoint 
increases one’s ability to focus on academic concepts. Assessment covers core 
topics in each of twenty three-weekly-contact-hour course syllabi.  The SSDN ™ 
degree program provides philosophical background necessary to understanding 
what digital thinking is.  Students are given academic information that can be 
communicated to family and peers using certificates.  
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Methodology Assessment 

A new pedagogy is referred to as Human Deep Learning (HDL).  HDL is supported 
by simplified-AI algorithms and SW 3.0 application interfaces. HDL is also 
supported by non-forcing learning practices.  Communication about individualized 
academic learning is de-individualized and placed into research data repositories. 
Internal Review Board (IRB) reviews are requested at each adopting college or 
university. Each individual course assessment includes two Student Learning 
Objectives (SLOs) and one additional SLO common in all our courses, e.g.,  

demonstration of self-directed learning about university level concepts. 

In our plan, Digital Knowledge Management (DKM) type processes are used to 
develop and propagate computer science university-level programs. We identify 
interdisciplinary courses that properly depend on SSDN ™ ‘s two-year degree 
program. Our twenty three-hour per week courses are designed to share an 
innovative curriculum in digital science.   

Assessment methodology is linked to shifts in thinking about what is computational 
science, and what is science.  Individuals learn why mathematics has been a 
powerful tool in the development of science and digital device technology104.   For 
example, program components are developed and implemented using traditional 
enterprise Digital Knowledge Management (DKM) practices105.   DKM practices 
are reviewed by, and signed off on by, senior faculty at participating college and 
universities.  

Each of four learning pathways is assessed using Low Stress Testing (LSTs), as 
discussed in Prueitt’s 2026 book, Pathways the Book.  Academic pathways support 
liberal arts general education course completion, data science, statistics, and 
calculus. As a final project, an application to some investigation is required and 
counts as two three hour science requirements. 

New Curriculum Development  

 
104 https://www.ed.gov/about/ed-offices/opepd/oet 
105 Knowledge Management in Wiki: https://en.wikipedia.org/wiki/Knowledge_management  
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Using SW 3.0 design, a student is involved in selecting choices.  A graph based 
Digital Knowledge Space106 (DKS) is created as an index into graphs.  

The nodes of these graphs are hyper-linked to mathematics learning modules and 
videos. It is general practice nowadays to use single topic instructional modules. 
Next topics are automatedly identified based on student profiles. Students are given 
a degree of choice as to what to study, what not to study or not to study at all.  
Access to standard computer science curriculums are provided 24-7.   

Both ALEKS and Knewton-alta have Digital Knowledge Spaces. We add to this 
resource. We develop query languages that suggests, to an individual, a good topic 
to be studied next.  These suggestions are made via mentor avatars controlled by 
the local MC ™ business.  

DKS based Learning Support 

We use off-the-shelf commercial platforms to bring freshman students to high 
quality tutorials on topics in higher mathematics and computing.  Design and access 
to instructional modules follow best practices in our use of ALEKS ™ and Alta 
™.  We expect to create new types of graph (digital) knowledge spaces. As in our 
use of ALEKS and Knewton-alta, our curriculum maps include hyper-links to 
instructional modules.  Digital Knowledge Space (DKS) technologies include 
hyper-graph databases having RDF triples in storage repository.  Publications that 
explain how this is done will be prepared.   

Study of Algorithms 

Initial effort is directed towards establishing a proper foundation in the study of 
topics in computational mathematics.  Early on, we use two courses, Introduction 
to Coding and Object Oriented Coding.  We extend an historic overview about 
computing to a post-Calculus II curriculum on algorithms and numerical analytics. 
Courses include linear algebra, differential equations, numerical analysis and 
statistics with calculus.  

This curriculum includes genetic and evolutionary algorithms, biologically feasible 
neural networks, digital games, finite state machines, and other topics as necessary 

 
106 Knowledge Spaces are defined in https://en.wikipedia.org/wiki/Knowledge_space.  
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to full out familiarity with computational thinking.  Knowledge about UML 
(Unified Modeling Language)107 and Cubicon modeling language is developed as 
part of our digital science degree program.    

BS-Computational Science 

We expect to have in-place upper-level course work at the end of a nine month 
academic year period during or before the third year. Some additional work will be 
needed to change specific course descriptions in college catalogues. This effort 
leads into the proper definition of a BS degree in digital science.  

Student Scholarships 

Student scholarships are to be awarded for each semester in each academic year 
and, separately, for each summer term.  First year a committee will select a proper 
number of scholarship recipients.  This support is available independently from any 
of the colleges or universitas. Support is directly to the individual based on initial 
use of ALEKS ™ placement software.    

We envision outreach to high schools with information about qualifying for 
scholarships using dual enrollment and student clubs.  Recipients are not contract-
labor. They are paid using 1098 contracts.  We feel that this separation is necessary 
so that student scholars are not employees of a college or university.  They do not 
report to the college.   

Only selected individuals can be a peer-mentor.  Mentors have duties with the 
Mentor Circle ™. 108  

To truly embrace the title of a digital scientist, a foundational understanding of 
computer science is essential. While it's acceptable not to be a programming expert, 
having a conceptual grasp of programming languages like Python, R, and C and 
science specific platforms is valuable. Moreover, cultivating expertise in database 
development and business intelligence complements multifaceted natures of digital 
science. In summary, a digital scientist will possess at least a foundational 

 
107 https://www.omg.org/UML/ 
108 MC ™ is a business that offers SSDN ™ tutoring services. 
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knowledge of programming and related aspects to navigate diverse challenges 
effectively. 

Our proposed initiative aims to merge realms of higher mathematics, computer 
science and data science, to enhance existing course modules, and establish new 
academic programs centered on informatics and AI. This endeavor is driven by 
recognition of growing importance of these fields in sciences, and in the imperative 
needed to equip students with requisite knowledge and skills. 

Workforce Development 

Our nation’s greatest concern is a limited availability of a suitably trained American 
workforce to interpret data that is generated inexpensively using simplified AI. Data 
science education lacks a mechanism that provides a pivot on intellectual resources, 
curated data, and infrastructure required for reliable undergraduate learning 
extended through research experiences.  

Our projects produce groundwork resulting in programs centered on or around 
computer science, data science and informatics. SSDN ™’s two-year degree 
program is designed to prepare individuals for a workforce that uses simplified-AI 
(s-AI).  

Mentor Circle 

Funding will establish a national support structure enhancing student study of 
mathematics and computing sciences. As part of this effort, we have developed 
business infrastructure supporting entering freshman students.  Individualized 
support includes a remedial program with placement exams.   

Colleges will follow in our footsteps to establish placement and remediation 
processes109.   

Since Summer 2020, we have defined a means to bring to college ready status all 
incoming freshman students.  We used two adaptive homework platforms, ALEKS 

 
109 Office of Placement and Remediation (OPR) concept is explored at 
https://www2.ed.gov/about/offices/list/opepd/education-strategies.pdf 
https://ccrc.tc.columbia.edu/media/k2/attachments/remedial-placement-testing-resources.pdf  
https://science.gmu.edu/academics/departments-units/mathematical-sciences/mathematical-sciences-
testing-center  
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from McGraw-Hill and Knewton-alta from Wiley Publishers (2020-2026).  Peer-
Mentors are certified after writing Student Concept Narratives (SCNs).   

Mentor Circle Design 

By enrolling in SSDN ™ from www.secondSchool.net, students learn how to learn 
mathematics and computing using an AI based learning platform.  For example, 
individual members of a social influence circle of mentors were given access to 
specific linguistic tools.  Using virtual tools, a folk taxonomy is extracted from 
textual collections using topic and feature extraction machine algorithms.   

We apply good digital science methods to produce representations of student needs 
and learning characteristics.  These representations are then used to guide the 
development of Academic Prescriptions to each student identified as being at risk 
of not completing a course. Folk Taxonomy (FT) is represented as simple hyper-
graphs; as a data structure expressed in RDF triple sets { < a, r, b > }. Digitally 
encoded taxonomy is then used to guide navigation within standard pre-college and 
college/university academic curriculums.   

Prospective Peer-Mentors must understand the purposes and natures of Human 
Deep Learning (HDL) methods. Each PM ™ must be able to mentor students 
about how AI assisted general education courses are run. We certify PMs based on 
faculty advisor inspection of handwritten Student Concept Narratives (SCNs)110.   

Nomination Agreements 

Peer-Mentors must be qualified to understand and use digital applications. A 1098 
contract is used to distribute scholarship funds to students.  This is the simplest 
way to give encouragement and support to entering freshman students.  This 
certainty builds students’ capacity to perform academically.   

In each case a nominated student is asked to provide a unique and individualized 
Academic Prescription (APs).   

All communications between individuals are designed to be anonymous using a 
Semantic Web (SW 3.0) standard.  

 
110 25 Student Internships provides 60% of our estimated direct costs funding requests. 
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Chapter Six: Four Pathways 

Sematic Web interaction occurs between Peer-Mentors (PMs) and MC ™ 
enrolled individuals.  A social influence-network becomes active111.  The social 
network pulls students into one of four pathways, three of which are digital 
science oriented.   

• Completion of Liberal Arts General Education requirement.  

• Computing Science → pure data science. 

• Statistics → applied data science. 

• Calculus → pre-engineering or pure mathematics AS degrees. 

Concept Narratives 

Concept Narratives have specific four part structure.  

• Part One: Listing of concept names 

• Part Two: Beginning of a story about some subset of these names. 

• Part Three: Ending of a Journey from the Beginning through to Concepts 
on a Distant Horizon. 

• Part Four: A written answer to the question “How did I do that?” referring 
to Parts I, II and III.  

Human Learning Methods 

We list some of the methods. 

• Separating Study Times into short durations 

• Focus-On/Focus-Off learning cycles 

• Listing Topic Names 

• Handwriting and Copying Notes. 

• Creating a Study Place, or Study Nest. 

 
111 Our deindividualization processes are reported on in Pathways the Book. 
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Academic Prescription 

Academic Prescriptions (APs) are much like a medical doctor’s prescription.  
Something is prescribed based on a professor’s knowledge about the learning 
health of the individual.  APs are generated by human peer-mentors using 
software they had a hand in producing.  A PhD level professor is free to focus on 
teaching students how to think computationally and to think mathematically. Our 
work is directed towards creating a Small Language Model that produces the AP.   

ALEKS ™ is a low cost commercially available off-the-shelf learning platform. We 
have a full mathematics Academic Advancement and Placement (AAP) program, 
existing and updating automatically.  Each month new cohorts form.  Placement 
access is virtual, free and easy to complete.112  We apply HDL methods to enrolling 
cohorts within the national community of incoming freshman mathematics majors.  

Curriculum Excursion 

Curriculum Excursions (CEs) move student pathways outside standardized 
curriculum.  CEs allow individual students to develop self-directed behavior as part 
of individualized study of formal foundations to computing and to higher 
mathematics.  As science continues to amass vast quantities of data, proficiency in 
informatics and the ability to utilize, assess, and present findings using informatics 
tools have become indispensable competencies. CEs are designed to help 
individuals think outside the box.   

Community Involvement 

Piloted projects have used linguistic analytics of various types, to provide 
communication between simplified-AI type algorithmics and human community 
interaction.  Results are formatted as feedback113.  Input from students and 
community develops textual feedback to individuals from MC ™.  This feedback 
helps obtain community buy-in.  

 

 
112 Mentors see new enrollments into each Cohort and will send an email to each person registering with 
ALEKS using a ten digit code at www.aleks.com.   
113 Open AI and other means will be used to develop linguistic analytics. 
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Recruitment 

We conduct recruitment activities into several two-year computer science programs 
at community colleges.  Our recruitment goals are significant.  Quality computer 
science programs will influence student access to STEM education, even outside of 
computer science.   

Transfer 

Assessment regarding recruitment, placement, completion, and transfer are to be 
made at each of several partner institution.  Measurable outcomes include 
quantitative and qualitative outcomes pre- and post- investment .  Our effort results 
in articulation agreements with institutions of higher education, including four year 
degree granting universities. 

Systematic Evaluation 

Formative and summative evaluations include comprehensive assessments of 
student recruitment and completion; curriculum development; and faculty 
development of student activities.  

We show achievement.   We evaluate direct outcomes of our innovation in teaching 
and learning. These measurements include statistics on student and faculty 
participation, achievement, and academic progression.    

Final Report 

Yearly reports will include evaluation indicators. Reporting on activities are to be 
included in the final project report. 
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Chapter Seven: Technology Considerations 

In Chapter Six we consider technical advances made in the last century, and updates 
to this period of scholarship in the first quarter of the twenty-first century.  SSDN 
™ ‘s two-year degree program is designed to place these recent advances into a 
wider context.  This context has to do with various roles that digital device science 
(DDS) will come to play in economic and social systems.   

This context requires an understanding of history of several academic disciplines, 
including computer science, complexity theory, behavioral neuroscience, and 
foundational elements to formalisms such as higher mathematics of logics.  In 
particular, individual understanding in this context requires an understanding of 
what digital devices are, and what they are not.    

Since around the turn of this century, technology companies have moved to 
support what we see as an AI revolution, complete with seriously flawed AI 
mythologies. On the other hand, complexity science114 has evolved and matured.  
There are scholarship patterns there and in behavioral neuroscience that explain 
how the differences in digital devices and living systems are to be understood.  
Humanity stands of the edge of transitions to a far better world.   

There are simplifications to off-the-grid, localized, computing. LLMs are now 
created locally without outside connection to the Internet.   The set-up involves a 
small, specialized, Linux distribution hosted on a Mac-Mini with price tag less that 
3 K.  In addition to a minimal Linux distributions, one needs Apachie to connect 
to other computers, Python to code with, and ASCII C 115.  These are all minimal 
systems that do not need a connection to the Internet to function.   

RDF (Resource Description Framework) is a data standard that is a hyper-graph.  
RDF repositories are simple sets of data triples, { < a, r, b > } that are placed in 
memory using C and are manipulated using Python. File management and 
connectivity is handled by Linux and Apachie.  A simple finite state machine that 
one can run on an old cell phone.  

 
114 Krakauer, David. (2024) The Complex World, An Introduction to the Foundations of Complexity Science. Santa Fe 
Institute Press.  
115 https://en.wikipedia.org/wiki/ASCII 
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AI Confabulation 

AI confabulations are constructed and propagated by media companies and by 
popular culture.  There is a long discussion here that is part of our digital science 
degree plan.   People confabulate for many reasons.  There is a rush to create digital 
devices that are ‘intelligent’, even though complete science about natural 
intelligence has remained hidden from the public mind. There is confusion. 
Complexity science adds to this discussion116.  

To manage public confusion about AI, we see natural phenomenon as not exactly 
Newtonian, and not exactly Einsteinian either.  We see computer science as 
constructed by human minds.  Computing is not what natural system do; they do 
something else not yet fully understood.   LLMs are designed to model the world 
perfectly if only the world were Bayesian. It, whatever that ‘it’ is, is not Bayesian.  

There is complexity to all things in nature that we are only just now beginning to 
treat seriously.  Complexity leads to novelty, new things and new knowledge about 
things.  Emergence of something always involves natural complexity, and natural 
complexity is non-computable117. What AI mythology ignores, must ignore, is 
complexity.  A false concept based on determinism and reductionism provides the 
public with language that confuses.  There is no complexity in computing, just like 
there is no infinite.  In nature there is a puzzle and paradox regarding this concept.  
What is the concept of infinite referring to?  

One can see the linguistic paradox by reflecting on the properties of the real 
number line.  For example, the question ‘What is next to the number zero?”.  Our 
concern is that to be college ready in mathematics, and computing, one must have 
thought about the complexity to this question.  Mathematics is a formal system 
where uncertainty is built in 118. Digital computers can never be infinite things.   

Pruitt developed a digital architecture where emergence itself is modeled 
computationally, imperfectly yes, but modeled using Semantic Web (SW 3.0) 

 
116 https://www.nature.com/articles/s44260-024-00004-0.pdf 
117 Buchanan, (2024). Human intelligence is not computable.  Nature Physics 20, 882. See: 
https://www.nature.com/articles/s41567-024-02533-w 
118 Kline. Morris Mathematics the Loss of Certinty (1980)  
https://en.wikipedia.org/wiki/Mathematics:_The_Loss_of_Certainty 
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standards for human device interactions.  An individual is able to make choices as 
SW apps develop small digital ontologies about anything being looked at.  This 
approach does not expect perfection all the time.  We are not talking about LLM 
development that looks at a stable large data input.  Individual human perception 
is involved in selecting input files, adjusting ergodic tokens, removing input, starting 
over.  All of this on a Mac Mini with minimal external software, Linux, Apachie, 
Python, and C.  Nothing else. 
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Algorithms  

A claim is that Scatter-Gather (S/G) algorithms model how nature is 
stratified.  Atoms are formed by taking molecules (input) apart. Once atoms are 
formed then small subsets of those atoms are identified as belonging to a molecule 
using feature identification. We use a Mill’s logic.  This is simple LLM stuff, a back 
propagation neural network119.   Information is provided to individuals from a small 
foot print SW app. The app produces a language model from small pdf data 
collections.  

The observation we use to ground stratified architecture is that S/G is how nature 
organizes interactions between two different organizational time-scales. One 
organizational scale is for atoms, and a separate organization scale is for molecules. 
In a simple RDF hyper-graph, we store this information in different token sets.   
We give this power to the individual, locally and in real time, without the need to 
be connected to a cloud.  

We simulate, on a digital platform, using S/G and model how evolution works.  We 
use genetic algorithms, refined since the early work by John Holland120.  We see an 
assembly of atoms into molecules using a computer; however, we must introduce 
the concept of infinite.  This concept is problematic for many reasons and yet 
without it we do not have the calculus. Firstly, digital devices will never be infinite. 
Some history about the rise of mathematical topology, and real and complex 
analysis is needed to see where non-removable issues are.   That there is a history 
here is important to our degree program.  

Let us consider some of the concerns that we address.  Parts of  natural organizing 
processes are due to individual or collective sense-making activities. These are 
Rosen complex121, processes.  Rosen complex concepts are not common within the 
AI communities.  His work is deemed too difficult to understand.  As we look for 
clinical grounding we must advance theories of perception.  Human evolution is 
affected by human perception.  

 
119 https://en.wikipedia.org/wiki/Paul_Werbos 
120 https://en.wikipedia.org/wiki/John_Henry_Holland 
121 https://en.wikipedia.org/wiki/Robert_Rosen_(biologist) 
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Human perception has different modes, fast thinking and slow thinking122.  There 
are fixed or growth mindsets123.  We take the scholarship regarding behavioral 
neuroscience seriously.  In the SSDN ™ two year college degree, proposed to Diné 
(Navajo) College, we develop multiple literatures as well as introductions to the 
applied calculus and statistics course work.   

Human Sense-Making is foundational to TBL (Sir Tim Bernes Lee124) Semantic 
Web design.  With SW 3.0 design we have individual support, outside of Internet 
clouds, for inferencing in such a way that helps us understand our private world.  
Our system makes a distinction between what is outside and what is inside, what is 
an atom and what is a molecule. General Systems Theory125 (GST) explains the idea 
of being outside a finite state machine.  This outside the system is as paradoxical.    

Taxonomy and then RDF based ontology (not necessarily ‘inductive’ in nature) is 
developed into very small digital foot prints.  This is then used as the only resource 
needed for inferencing.  This inferencing can be expressed in native languages.  The 
architecture will produce internally and read externally the parameters of a LLM 
file126.  

We do this using a process modeling language, Cubicon127. Our processes are 
defined on a small number of vector spaces.  S/G occurs on the surface of an n-1 
dimensional sphere.  Clustering on this surface produces folk taxonomy in which 
humans can query RDF repositories about. Quick production of taxonomy are very 
general consequences when selecting, through a SW 3.0 interface, an evolving 
ontology regarding LLM type prompts. These use the folk taxonomy generated 
using HyLighter type processes128.   

Living Intelligence 

 
122 https://en.wikipedia.org/wiki/Daniel_Kahneman 
123 https://positivity.org/self-development/growth-mindset-vs-fixed-mindset 
124 https://en.wikipedia.org/wiki/Tim_Berners-Lee 
125 https://en.wikipedia.org/wiki/Systems_theory 
126 In Medium.  Abraham, Ashish (2026) 
https://pub.towardsai.net/the-ultimate-guide-to-llm-inference-optimization-part-1-71ec501c189d 
127 Again, we point out that our awareness of Cubicon and its history cannot all be discussed in public. Same 
is true for the Hilbert Engine.  Super distribution is covered in wiki.  
128 Discussion about HyLighter is made in Pathways the Book/. HyLighter Beta can be discussed using NDA.   
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There is a ‘discussion’ with a book like thing.  We understand ‘this’ as a book, not 
as a living intelligence.  We must not mistake algorithm a data structure for living 
intelligence.  This is not where the greatest benefit will come from.   

S/G computing architecture is important to the future of science.  Organizational 
layers are observed everywhere in nature.  We cire many examples, including 
SmallTalk129 and SOA. Service Oriented Architecture (SOA) and Service 
Oriented Computing have long been of interest to those who build large scale 
digital systems. Cubicon-like modeling language systems are 
stratified.   Stratification Theory (ST) is SOA consistent.  Stratification Theory (ST) 
is Tim Berners Lee (TBL) consistent. Cubism (developed by Sandy Klausner) is a 
fully and properly defined stratified modeling language, exceeding UML in value.     

Modern Modeling Languages produces optimal, provably optimal, TBL and SOA 
consistent very large scale digital systems.   Cubicon and NeXTSTEP OS are, or 
were, native modeling language implemented with object oriented design.  Klausner 
makes a valid point that a shift tin he art of coding from ASCII text files, very 
complicated, to simpler process models with iconic representation, is not computer 
coding but something entirely new.   

We are able to define at the processor, e.g. machine, level a digital foundation for 
what is essentially Service Oriented Computing.  There is a difference and that is 
the system we have designed is easily ‘opened’ so that the underlying finite state 
machine undergoes change. Everything else is stripped away so that we have a 
stable, small foot print mobile operating system.  In our curriculum design we use 
a minimal Linux distribution.   

However, computer coding still has flaws largely because we are using ASCII text 
to develop code.  UML diagrams and the NeXTSTEP OS moved us in a direction 
that is fully realized in the Cubicon icon-based modeling language. This discussion 
has to have NDA agreements to proceed.   

Academic Digital Science130 (DS) resolves system-of-systems paradox, using well 
defined language regarding local and global coherence.  This is done by allowing 

 
129 https://en.wikipedia.org/wiki/Smalltalk 
130 https://www.digital-science.com 



 83 

digital systems to change underlying processes.  Input in and output out.  When we 
humans use digital systems, we may not be able to tell if the system is confabulating 
a false view of something.  It could be lying to us.  We can, it can be shown, expect 
little advance warning of a digital system going off into a self-constructed view of 
the world.  How are we going to address this concern about AI? 

Organizational stratification in nature leads itself to models that have atoms and 
molecule type interactions.  Small bags of atoms combine to produce molecules.  
The principle was applied by Charles Sanders Peirce131 and is referred to as the 
Unified Logical Principle132.  Atoms combine to produce molecules.  The sum is 
not the same as the collection of parts.  There is emergence and emergence is always 
Rosen complex133.   

Digital science is data science having separate statistical and non-statistical co-
existing paradigms.  Out concern is that statistical reasoning is Bayesian and nature 
is not deterministic. Non-statistical paradigms are 'connectionist" in nature.  Again 
there is a history here that takes a lot of reading to put into proper context, this 
discussion. Statistical algorithms have well known limitations134.   

Definition 1: A Digital Device (DD) is a formally stratified and is also a closed logic-
based system where time-dependent organization strata are each well-defined, close 
logic, and finite.   There is no infinity in a digital device. Neuro-processing in brain 
systems is not computational.  It is Rosen complex.    

Definition 2: Formal Stratification (FS) is modeled by subsets of finite sets of 
elements, aggregation rules, or predicted molecular properties.  FS models 
emergence from atom data using pattern recognition and atomic extraction.   

How do I learn the next concept in college algebra? What have I already 
understood?  These are the types of prompts that SSDN ™ enrolled individuals 
are able to ask.  A digital knowledge space is a representation of the concepts in a 
curriculum.  Curriculum ontology mirrors instructional modules for all topics found 

 
131 https://en.wikipedia.org/wiki/Charles_Sanders_Peirce 
132 https://plato.stanford.edu/entries/peirce-logic/ 
133 https://en.wikipedia.org/wiki/Robert_Rosen_(biologist) 
134 https://sustainabilitymethods.org/index.php/Limitations_of_Statistics 
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in academic curriculums.  For example, Prueitt usually selects 200 – 300 topics 
when using ALEKS ™ courseware.   

A table in contents will help student identify by name the various topics in, for 
example, college algebra. ALEKS helps to visualize curriculum ontology. Digital 
ontology is easily stored in RDF repositories with hyper-links to ASCII text data 
files.  Nothing else is needed other than a small Operating System like minimal 
Ubuntu, a Linux distribution.   

S/G digital architectures will produce good digital models in near real-time. The 
architecture could be applied to biological and other environmental 
sciences.   Quasi-axiomatic principles135 and gathering (convolutional) algorithms 
are applied to physics and to chemistry.  

Genetic models and ontologies are to be enhanced.  Few really know the two digital 
technologies.  Genetic algorithms require command of simple, basic, Python and 
C, and the curious mind.  Geological models about plume movements, are included 
as one relevant sub-objective.    

 

 
135 Prueitt, P.S. (1997) Quasi Axiomatic Theory, represented in the simplest form as a Voting Procedure. 
Presented in Moscow at a conference held at VINTI, and published in All Russian Workshop in Applied 
Semiotics, Moscow, Russia. (Translated into Russian and published in VINITI Conference Proceedings.) 
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Benefits of s-AI 

What are the benefits of s-AI?  For one, biological sciences will benefit from 
stratified computing architectures. Visualization technology can run on Linux and 
Python, with C to manage memory locations. Very high dimensional arrays can be 
processed without anything else going on locally.  Local status depends on our 
need for ‘clouds’.  This is simply not necessary.  Small old phones can be recoded 
to support something like Cubicon Core136 or the simplified NeXTSTEP OS137.  

S/G finds a foundational home in general systems theory (GST)138.  With GST 
one can envision infinite Hilbert spaces.  These space are not computable, since 
the number of points in the space are infinite.  The points themselves are infinite, 
and this cannot happen on a digital device, ever.   GST is applied to digital 
devices and finite state machines139 140.  

Scatter/Gather requires an RDF repository in order to compute outcomes and 
hold data.  We accomplish a much needed simplification of AI by removing 
dependance on massive databases and statistics.  The marketplace now, in 2026, 
has local LLM technology that runs in private virtual networks, and on single 
machine.  These apps run without connection to the Internet. We have, in theory,  
simplified-AI producing zero cost AI analytics on a old cell phone. 

A new type of TBL (Sir Tim Bernes Lee141 type) SW (Semantic Web) is 
enabled.  We deploy SW and s-AI first to the crisis in American education.  In 
doing this we open access to higher education from outside the schools, colleges 
and universities. We created a second educational system, separate and not 
depending on established learning institutions. SW individualizes a curriculum in 
the form of the SSDN ™ two-year degree in digital science.  The cost is very low 
for individuals and college do not have to pay anything.    

 
136 https://www.coretalk.net 
137 https://en.wikipedia.org/wiki/NeXTSTEP 
138 https://en.wikipedia.org/wiki/Ludwig_von_Bertalanffy 
139 https://en.wikipedia.org/wiki/Finite-state_machine 
140 https://en.wikipedia.org/wiki/Tony_Hoare 
141 https://en.wikipedia.org/wiki/Tim_Berners-Lee 
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Architecturally, SW has two ‘sides’: a human side and a machine side.  In theory 
we support the two sides differently. We give up a false notion, a social 
confabulation, that computers have access to real time sensation. We realize the 
depths of human intelligence.  We see that the digital device ;is limited by the 
natures of finite state machines.  We get over it.  However, to achieve this depth 
we need to understand histories of AI and of modern science.   

Clearly, implementing Semantic Web concepts into stratified computing changes 
the need for massive data centers. Data use becomes far easier.  Expensively built 
data centers and their power sources are now simple repositories of metals and 
rare Earth compounds.  Trillions of dollars of wealth have aggregated physical 
resources that now data centers can be drawn from. There are positives and 
negatives to be seen regards this bit of history.  Ownership of those repositories is 
not certain.   

S-AI runs on a phone, using only basic Python and ANSII C.  RDR (resource 
description framework) 142. Using simplified AI individuals are given a second 
chance to learn higher academic curriculum.  Social sense-making is increased.    

 

 
142 https://www.w3.org/RDF/ 
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Chapter Eight: Science-based Pedagogy 

Chapter Seven references parts of a history of behavioral neuroscience.  These 
references provide a view of histories involving scholarship in several academic 
disciplines.  Chapter Six references a history of AI.  These references and some 
references in behavioral neuroscience establish a frame of reference through which 
to view scholarship about regional areas of brain systems. In particular, we reference 
clinical research on pre-frontal cortex, limbic system, hippocampus and cerebellum.   

Biological mechanisms is not the same as digital computation143.  This fact is 
completely ignored by technology companies controlled by a few individuals whose 
wealth is not earned.  Wealth is aggregated at the top by our tax system and by the 
design of the form of capitalism we have adopted.  This is a massive problem in 
2026 as the American voting public looks at the destruction of many parts of our 
American culture.  The wealthy are not smarter that average person, they simply 
have greed enough to take control of things they, as a community, do not 
understand.  As a result, we are engaged in expensive wars, we neglect global 
warming,  and we continue to develop the AI mythology.  

Underlying causes of our educational systems dysfunction is rooted in history, 
much of it discriminatory in nature.  Our proposed national program would put 
into place Academic Advancement and Placement (AAP) programs that are 
available to any individual, with or without knowledge of by schools, colleges or 
universities.  Opening access is the first step.  For some, enrollment into SSDN ™ 
‘s two year college degree program is a second step.   

We introduce self-organized stratification using computing architecture that has 
organizational layers and has two type of algorithms, S/G and voting procedures.  

 
143 Rosen, Robert  (June 27, 1934 – December 28, 1998) Theoretical biologist is the best reference to make 
regarding this issue.  The issue is concerning what a machine is. Once one uses the term ‘machine’ to talk about 
emergence in nature then we have the problem of reductionism lurking about. Rosen’s life’s work is 
distinguished by his understanding issues regarding complexity when almost no one else had seen the concern 
regard reductionism and computationalism.  
 https://en.wikipedia.org/wiki/Robert_Rosen_(biologist) 
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Computer modeling languages are used to produce computing processes from 
reactions networks, and influence diagrams.    

In our architecture, the layers are not ‘hidden layers in a back-propagation layered 
artificial neural network.  Each layer is given a Mill’s type logic based on prediction 
of properties of a compound, at a high level of organization.   

SSDN ™’s stratified architecture produces an atoms to molecule process. The 
output is a prediction of properties of compounds produced from aggregating 
digitally captured properties of atoms144. The prediction of molecule p[properties 
from incomplete and contradictory information is well developed145.  

This is done using minimal computing resources.146  However LLMs are not used 
for this purpose.  Clinical science is well enough developed so that digital computers 
with attention deficit issues does not produce better results than a gene expression 
inference engine based on machine expressed ontology147 148.  

We expect that SSDN ™’s graduates to develop process patients and published 
research in 2026, and beyond, in behavioral, computational neuroscience.149 
Chapter Four, was a release of a voting procedure using only stratified RDF 
architecture developed by Prueitt. Chapter Six discusses some technical advances 
made since 1940. Let us review a little.   

Our simplified AI architecture requires only standard RDF triples  

{ < a, r, b > }, 

 
144 Taub R, Savir Y. SAF: Smart Aggregation Framework for Revealing Atoms Importance Rank and 
Improving Prediction Rates in Drug Discovery. J Chem Inf Model. 2024 May 27;64(10):4021-4030. doi: 
10.1021/acs.jcim.4c00107. Epub 2024 May 2. 
145 Liu Y, Kashima H. Chemical property prediction under experimental biases. Sci Rep. 2022 May 
17;12(1):8206. doi: 10.1038/s41598-022-12116-5.  
146 See a fuller account of the architecture in Chapter Ten.  
147 Cao, M., Martin, E. & Li, X. Machine learning in attention-deficit/hyperactivity disorder: new approaches 
toward understanding the neural mechanisms. Transl Psychiatry 13, 236 (2023). 
https://doi.org/10.1038/s41398-023-02536-w 
148 Babichev, S.; Yarema, O.; Liakh, I.; Shumylo, N. A Gene Ontology-Based Pipeline for Selecting Significant 
Gene Subsets in Biomedical Applications. Appl. Sci. 2025, 15, 4471. https://doi.org/10.3390/app15084471 
149 See www.bcngroup.org, founded in 1992.  
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stored in an RDF repository150. The other part of the architecture involves 
Scatter/Gather algorithms.  These are not discussed in detail in public.  We are just 
referencing S/G on the surface of q-dimensional sphere where q is a positive 
integer. A Semantic Web (SW 3.0) standard-based social media app is used to 
support trained peer-mentors.  Prueitt’s publications talk about this at some length.   

Mentors are enrolled in s-AI classes conducted by SSDN ™.  Mentors receive 
training on how digest data from a specific cultural grounded community.  Folk 
taxonomy is created using tools that do not have to be connected to the Internet.  
Various ontology and taxonomy resources are used so that peers, disguised as AI 
avatars, help individual students understand how to use the Digital Knowledge 
Space (DKS) learning tools.   

Human-to-Human (H-H) interaction is de-individualized so that peers are given 
help while advising others regarding how DKS learning technologies are best used.  
Neither the peer or the student has access to individually identifying data, except as 
provided by Student Concept Narratives and by DKS learning platforms such as 
ALEKS ™. This arrangement avoids many concepts that folks have about privacy 
of personal information.  

In a long term view, we plan advancement and placement services to be provided 
from locally owned coffee shops or community centers.  See Design Principles (2019) 
and Starting Second School (2020) for discussion about how SSDN ™ national 
infrastructure supports locally owned franchises.  We envision these business as 
having some business location like a tea shop or coffee shop, essentially a 
community center where people interested in SSDN ™ services can gather.   

Our RDF repository has two types of algorithms; the Scatter/Gather (S/G) in q-1 
dimensional surfaces and Prueitt’s voting procedure.  Both are a type of N-gram 
analytics with S/G having a surprising simplification.  Ergodic information is 
derived without the use of statistical distributions.  We see patterns in human 
communications.  There are cultural impacts. 

Cultural artifacts shape how we think about academic success. We conjecture that 
self-directed behavior overcomes typical challenges experienced by freshman 

 
150 https://www.w3.org/egov/wiki/RDF_Repository . See also https://www.w3.org 
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students at a college or university.  This is a general result, testable using clinical 
science. How are mindset held.  What is a shift in mindset?  How are shifts in 
mindset managed by brain systems.  

We develop natural intelligence, something far more useful than what AI mythology 
promises.  There are scholarly literatures to read. For example, linguistic Benjamin 
Whorf’s work on cultural deep structure assumes human use of language connects 
individuals within social worlds151. There is much to say about this. Then there are 
books by Walter Freeman152 and Karl Pribram153.   

We investigate sense-making tools as a means to identify trends on social thinking 
about the math class. An online course demonstrates interdisciplinary AI 
applications in the arts, business, science and with applications that have social 
impact. Topics include introduction to algorithms, feature extraction from textual 
data sets, pattern recognition using extracted features, foundational and applied AI 
concepts.  

 

 
151 https://en.wikipedia.org/wiki/Benjamin_Lee_Whorf 
152 https://en.wikipedia.org/wiki/Walter_Jackson_Freeman_III 
153 https://en.wikipedia.org/wiki/Karl_H._Pribram 
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Summary 

These concepts include formal construction such as artificial neural networks 
(ANNs), genetic algorithms, linguistic processors, machine learning in various 
paradigms, ethical issues in AI, some AI tools like Large Language Models 
(LLMs)154. Curriculum includes introductions to ANNs and the history of ANNs 
using Dan Levine’s books155.  

Biologically feasible differential equations model human neural systems156.   

Over the past decades, computer science evolved as did various forms of AI 
algorithms and computing platforms. Stratified computing was discussed and 
Service Oriented Architecture157, SmallTalk, superDistribution158 159and Cubicon 
were developed. 

In Chapter Three we provided a significant part of scatter/gather (S/G) and 
minimal Voting Procedure (mVP) algorithms.  Chapter Three provides a core 
digital architecture and simplified, non-statistically generated, ergodic algorithms 
needed to radically simplify production of language models not requiring multiple 
trillions of nodes in a graph and associated finite state machine.   

As are all of the chapters in this book, the reading effort is considerable.  Prueitt’s 
purpose is to rewrite and extend scholarship presented in 1997, related to quasi 
axiomatic theory160.  These chapters are meant to lead to reflections regarding where 
the American society is at in 2026.  

 
154 https://huggingface.co/blog/jjokah/small-language-model 
155 Levine, D.S., Introduction to Neural and Cognitive Modeling, Routledge 2019 
156 Levine DS, Leven S J, Prueitt PS. (1992) Integration, disintegration and the frontal lobes. In: Levine DS, 
Leven SJ, editors. Motivation, emotion and goal direction in neural networks. Hillsdale, NJ: Lawrence Erlbaum 
Associates, 1992. p. 301±35 
157 https://en.wikipedia.org/wiki/Service-oriented_architecture 
158 https://en.wikipedia.org/wiki/Superdistribution 
159 Cox, Brad.  (1996) Superdistribution: Objects as Property on the Electronic Frontier. Addison Wesley. 1996. ISBN 0-
201-50208-9. 
160 Prueitt, P.S. (1997) Quasi Axiomatic Theory, represented in the simplest form as a Voting Procedure. 
Presented in Moscow at a conference held at VINTI, and published in All Russian Workshop in Applied 
Semiotics, Moscow, Russia. (Translated into Russian and published in VINITI Conference Proceedings.) 
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SSDN ™’s processes produce snippet level de-individualization and linguistic 
analytics on n-gram decomposition of snippets. Snippet elements161 are easily 
transcribed into a digital hyper graph data repository.   No names are captured 
during a snippet production process.  Data is taken from the first step of a de-
individualization workflow. Transcribed text is separated into “text snippets”.    

The elements of a set of vector-based representations of word distributions in a 
snippet collection are randomly scattered into a compactification of an n-
dimensional Hilbert space.  A gathering process extracts patterns, using metrics on 
vectors pointing to a surface point on an q-dimensional sphere.  

This is classical n-gram analytics162.  There is a vast simplification of standard N-
gram analytics due to the compactification of the infinities at the ‘ends” of all q-1 
lines into a single point. This mathematics is not yet published.  

 

 
161 Part IX of a Student Concept Narrative is a handwritten or typed short essay on how this course in 
mathematics is for you, the student.  
162 https://en.wikipedia.org/wiki/N-gram 
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Input Data 

Student “blog elements” are written on plain paper and then transcribed into 
various types of data.  HyLighter beta software that we developed in 2023-2024 is 
based on students’ hand selecting parts of sentences.  We call these text snippets.  
If the Student Concept Narrative is hand written, we use handwriting software.  
Handwriting software is developed using LLMs and statistically developed data 
points in n-dimensions with Bayesian distributions.  The process does not involve 
large data files and is easy to do using only Python. Moreover, these are applied 
exercises for several of the 20 semester long courses we have in our two-year digital 
science degree program.    

An index into a set of text snippets is represented over a set of n-grams produced 
from words and phrases. Collections of text snippets are placed into an RDF file, 
as data triples.  Patterns identified using simple S/G algorithms are associated with 
an abstract class called “concepts”, and these concepts are represented in RDF 
format; e.g., as a set  

{ < a, r, b > } 

in a hypergraph database. Variables a and b are instantiated from a folk taxonomy.  
Computationally, we model a memory encoding process as a scatter-gather 
iteration, as discussed in Design Principles.  

Engrams are the traces of memory, aggregated together to form cognitive 
coherence.  Human cerebral cortex supplies associations while other regions, 
primary hippocampus cellular structures, supplies memory elements. Recognition 
occurs in both the brain system as well as in the scatter-gather (S/G) algorithms 
invented by Prueitt (1998).  

Of course, what we mean by ‘recognition’ is very different.  A simplified form of 
real time AI is discussed in Design Principles163(2020). We theorize that small sets of 
invariances are seen using pattern recognition. 

 
163 Prueitt, Paul Stephen Deep Learning Manual Series: Design Principles  (2020) Published by Applied Knowledge 
Sciences Press 
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A subset, of the set of all atoms, is aggregated using a convolution164 over all 
possible inclusions of atoms.  This set is formed from a folk taxonomy specific to 
one vernacular. Only a small number, less that 1200, vernacular atoms form a 
culturally specific taxonomy. These atoms are encoded into a small memory RDF 
file.  In this file, we always have only data triples, a, r, and b. Encoded as a hyper 
graph, the relationship r can be as simple as distance, in some metric.  A 
convolution over such a set is made simple when each of the containers for these 
three variable is defined using a small, fixed, data packet header size.   

Cubicon is a digital modeling language, having Semantic Web 3.0 compliant 
methods.  Court litigation has ‘it’ as not ownable.  Cubicon is a natural language 
that is both open and close(able). It thus has the properties of a human 
language.  We can define tasks with Cubicon.  We can ask questions to an existing 
LLM.   This modeling language and implementation methods make ‘completing 
tasks’ extremely simple.  Billions are now being spent on LLM transfer 
engines.  LLM output can be read using Cubicon.   
 

A Cubicon Core has a virtual, but separable for the Internet, operating 
system.  Task encoding into functioning back end apps becomes simple.   And 
there is no need for any LLM transform. Actually, no need for LLMs at 
all.   However, we can read LLMs into a Cubicon core.  Why not? 

 

Individuals, trained in task definition, simply design with a 
‘clopen’ digital modeling language.  Clopen sets are both open(able) and 
close(able).  Cubicon is a language that can be opened, (contextual semantics is 
change) and yet is generally closed so that a finite state machine is (automatically) 
defined.  One can define patentable processes as a finite state machine in 
Cubicon. These definition are then easily executable on a small independent OS.  
 

Having a legitimate means to model any future task description is over come by 
allowing Cubicon to change underlying digital encoding as integers into pre-
defined data slots.  Machine, digital, convolution is like the integration operator in 
calculus.  Except here there is no concept of infinite.   
 

 
164 https://en.wikipedia.org/wiki/Convolution 
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We then use a Hilbert Engine, integers in a Hilbert space. Letters are considered 
positive integers.  RDF files are all there are in the SSDN (TM)’s data 
repositories.  
 

Everything is small.  Small footprint.  Small effort needed to process task 
requests.   Small operating system.  Fits on an old cellphone.   
We then use principles learned through the study of Cubicon digital modeling 
language, in which we create efficiencies in how packets are processed.  Think 
that only simply Python and ANSCI C, for memory management, exists beyond 
the most minimal Linux OS.    

Convolutions over and aggregations of atoms are then theorized to form 
biological substance supporting cognitive focus.   
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Chapter Nine: Overcoming Fixed Mindsets 

Selective attention takes shape from electromagnetic coherence in human 
cerebellum, mediated by frontal lobes165.  This process is modeled using Prueitt’s 
QAT (quasi axiomatic theory) based voting procedures166 167 (1998).  The 
simplification discussed in Prueitt’s publications is not perfect.  First there is the 
issue of computational universe, of which the natural universe is not one.  This is 
the false notion of computational complexity.  There is no such thing.  Digital 
devices lack properties that living natural system have.  

General Systems Theory168 and Communicating Sequential Processes (C.A.R. 
Hoare – 1985)169 are often talked about as if they are about finite digital systems.  
These finite state machines are defined on a finite number of digital states.  This 
remembrance is important.  Consider, just for a moment, anything in the real 
physics world that is a digital state. There are claims by popular scientists or 
mathematicians, that the physical universe is a computation170.  This is non-sense. 
Computationalism is the foundation for IT industry promoted AI mythology.  

The design we have discussed in previous chapters requires a SW 3.0 interface with 
human students.  The glass ceiling that AI will always have is accommodated in the 
computer architecture, using minimal tools and no outside connection to the 
Internet. Human in the loop. Move on without the AI mythology.  This move 
requires removal of strong Bayesian interface theory.  The world is not the same 
from one location to another.  Just not, move on.  

 

 
165 Neurological questions about how pre-frontal cortex supplies executive function are questions for future 
research. (see: Pribram, Brain and Perception 1991) 
166 Prueitt, P.S. (1998) An Interpretation of the Logic of J. S. Mill, in IEEE Joint Conference on the Science 
and Technology of Intelligent Systems, NIST. Pages 820 – 827. 
167 Prueitt P.S. (2001). Shallow Link analysis, Iterated scatter-gather and Parcelation (SLIP) and data 
visualization. Army research Office Invitational Workshop on Information Assurance, George Mason 
University, October 2001. 
168 https://www.ebsco.com/research-starters/history/general-systems-theory 
169 https://en.wikipedia.org/wiki/Tony_Hoare 
170 https://sciencereader.com/universe-simulation-hypothesis-mathematics/ 
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Simplifying Notions 

These simplifying notions, regarding complex systems and computational 
prediction have an impact on machine learning inference171. In the SSDN ™ 
proposed college two-year degree program, As we think about human brain and 
immune systems, we look at the current design for large language models (LLMs)172.  
We ask questions.  The notion of storing my LLM in a cloud become really possible, 
not just for me but for any individual.  How are we to produce a digitally based 
model of how language is being used by Americans?   

We focus on U.S.A. because most citizens in the states know that we have to do 
better in electing government officials.  We have to vote better.  Only 2/3s of us 
vote in presidential elections.  School education trains most of us to not want to 
academic knowledge.  The situation is complex.  Our point is that s-AI will turn 
humanity towards giving individual support in understanding whatever he or she 
wants to understand.  The concept here is a facilitating other that acts like a friend 
and mentor but is not a person.  This has to be done without clouds.  

AI mythology confuses us, and computationalism grounds a viewpoint into pure 
non-sense. We are not just confused by AI mythology.   Part of the situation has to 
do with cultural mindset in American schools, colleges and universities.  In 
particular we point at the hundreds of state universities and colleges of education 
within these universities.  The mind is fixed173. What does this mean and how do 
we improve American education? 

There is much discussion on this notion about a mind set in recent years. Mindset 
language assumes that a mind does change orientation.  A shift in perspective is 
what Prueitt claims to undo damage experiences in K-12 math classes.   

 
171 https://medium.com/@ayasc/understanding-inference-in-machine-learning-from-training-to-production-
f0a0bf81385f 
172 https://en.wikipedia.org/wiki/Large_language_model 
173 https://mindsetonline.com/how-does-the-brain-play-into-mindset/ 
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There are different dynamics to individual or social mindset.  Social mindset is a 
mimicking process174.  Mindset shifts not only in social and individual human 
systems but as a product of nature.   

The study of thermodynamics175 176 177 improves when we are informed by the 
cartological differences between natural intelligence and computer algorithms and 
data structures.  

We choice to conduct research on how human brain systems support mindset, 
shifts in mindset and contextual shifts. Our focus has been on cerebellum, 
hippocampus, and pre-frontal cortex. More generally we see immune systems as 
supplying the chemical push, much of this is active in the Amygdala178 , as well as 
in all parts of the brain architecture. The cerebellum seems to have localized 
chemical and electrical fields influenced by amygdala function179.  

 

 
174 https://www.psychologytoday.com/us/blog/beyond-school-walls/202508/the-mimicry-trap 
175 https://en.wikipedia.org/wiki/Non-equilibrium_thermodynamics 
176 https://en.wikipedia.org/wiki/Ilya_Prigogine 
177 See the book by Prigogine. The End of Certainty: Time, Chaos, and the New Laws of Nature, In this book Prigogine 
contends that determinism is no longer a viable scientific belief.  His understanding of emergence is central to 
SSDN ™’s notions about organizational stratification in nature.  
178  Šimić G, Tkalčić M, Vukić V, et al. (31 May 2021). "Understanding Emotions: Origins and Roles of the 
Amygdala". Biomolecules. 11 (6): 
179 David Terburg, Jack van Honk, Dennis J.L.G. Schutter April 2024:  Doubling down on dual systems: A cerebellum–
amygdala route towards action- and outcome-based social and affective behavior 
https://www.sciencedirect.com/journal/cortex  

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8228195
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8228195
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Parallel Architectures 

A specific type of architecture in brain systems is discussed in Prueitt’s 1988 PhD 
dissertation180.  The brain system sets inside autopoietic envelops some of which 
are neural or glia cells181, some of which are electromagnetic or quantum 
envelopes182.  183.   

Immune systems are modeled using influence diagrams184 and then these diagrams 
are used to create a computational model that produces the change in state defined 
in the diagrams.   

States, as defined with influence diagrams, pose trickly conceptual difficulties.  
What are the boundaries and durations of a state.  If immune response states are 
interacting with quantum fields how does this notion of immune system state get 
modified.   

Think of a system model that is 100% required to be in a finite dimensional state, 
each state being an on or off state, something like 0010110.  Antigen is either there 
or not, active or inactive.   

System state is then completely defined by an integer valued vector having a small 
number of parameters. Immune system models in 1988 were mostly of this type.  
Prueitt’s use of difference equations modeled immune response to new antigen 
based on how large the dose is and how often the exposure.   

Exactly how various organizational scales interact has been discussed185. However, 
the literature is extensive and cannot be full reviewed in this book. Organizational 

 
180 Prueitt, P.S. (1988) Some techniques in mathematical modeling of biological systems exhibiting learning, PhD Thesis, in 
Pure and Applied Mathematics, University of Texas at Arlington Press 
181 https://en.wikipedia.org/wiki/Glia 
182 https://www.emergentmind.com/topics/2d-envelope-function-theory see also 
Pribram, K. H. (1991) Brain and Perception: Holonomy and Structure in Figural Processing. New Jersey: Lawrence 
Erlbaum Associates, Inc.   also see 
Pribram, K.H. (Ed.) (1993) Rethinking Neural Networks: Quantum Fields and Biological Data. New Jersey: Lawrence 
Erlbaum Associates, Inc 
183 https://en.wikipedia.org/wiki/Autopoiesis 
184 https://en.wikipedia.org/wiki/Influence_diagram 
185 Howard H. Pattee. Hierarchy theory: the challenge of complex systems. G. Braziller, 1973. 
 

https://books.google.com/books?id=FrMTAQAAIAAJ


 101 

stratification and categorical distinctions between complex natural systems and 
digital computers are separate concepts. The relationships between these concepts 
are to be studied in our two year degree program.   
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Barriers to Understanding 

In 1988, the scholarship needed to discuss why students dislike math class was not 
yet developed.  The university system itself seemed, to Prueitt, to avoid a 
development of digital architecture based on distributed processes, such as the feed 
forth back-propagation networks186 now the heart of big AI.  It is important to 
understand a number of distinct literatures to begin to understand why AI 
mythology is not what clinic science is finding to be the case.   

The biology is not a computer and yet digital models develop.  These do benefit us, 
but there is a side effect, due to the science behind these models just being wrong.  
AI technology explains the biology in such a fashion that serves the AI industry.   

Over the decades that have passed we have discovered a great deal not imagined 
by most scientists in 1988.  AI was initially resistant to the concept of a distributed 
process having intelligence187. In 2026 we are in a position to investigate the type 
of shifts in mind set that is discussed in various academic papers. To discuss this 
requires years of study.  

Those in the AI industry generally do not have this necessary background.  They 
see science underlying brain function in a way that is precisely coherent with a 
viewpoint that serves the industry but does not reflect what clinical neuroscience 
and complexity theory show.  

Complexity theory and self-organizational process theory is most often not 
involved in corporate thinking regarding AI production and uses. Major centers for 
AI research and education advance the myth by saying that this or that is 
computational. The algorithms and data structures are computational but not the 
brain system, not any natural physical system.   

 

 
186 https://en.wikipedia.org/wiki/Backpropagation see also Paul Werbos (1982) dissertation. 
187 https://en.wikipedia.org/wiki/Distributed_artificial_intelligence 
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Systems of Complex Systems 

Prueitt’s 1988 digital architecture188 includes a model of how immune system 
behavior might be modeled using discrete networks and influence diagrams. The 
immune system of systems influences the brain system.  A second part of the 
dissertation modeled how selective attention mechanisms work.  He used a 
embedding field of first order differential equation, whose behaviors are produced 
using steepest descent numerical methods. Levine, his principal advisor, coined the 
expression ‘biologically feasible’ (model) of a neural network189.   

Current theories, about how brain function supports shifts in mind-set open new 
doors to our collective understanding of human self and human communities.  
With complexity theory we study state transitions in other complex ecosystems 
such as the physical environment we live in.  

Clinical science literatures may support the notion that forced learning in math class 
leads to inability to learn college algebra. However, Prueitt’s Conjecture is not yet 
been rejected or confirmed with clinic evidence.  There are memetic shifts in 
thoughts by a population of people, for example the community of college 
education professors.  There are also excitations occurring in regional parts of the 
human brain.   

Our social and physics worlds are going through self-organization. This is the true 
nature of intelligence, a nature displayed by a natural universe.    

 

 
188 http://www.blueberry-brain.org/winterchaos/PreuittTheSocialBrain.pdf 
189 https://www.scribd.com/document/780968702/Levine-Review 
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Chapter Ten: Why Cubicon Matters 

Efficient data processing does not involve large data files. Management of LLM 
output is easy to do using only basic Python and ANSI C190 running on Mac Mini 
5.0 OS 27, new to the market in September 2026.  No vector space transforms as 
seen in linear algebra.  We can, of course, choose to run linear transformations of 
data points. This computing is inexpensive on a Mac Mini with a minimum Linux 
OS distribution.   

We develop, hold, pass, catch and store LLM output. We can do this locally off the 
Internet.  We can do this within communities of practice that share common 
vernacular.  Work gets done.  Humans use simplified-AI (s-AI) to benefit code 
development. We then turn to science and education. Computer science is 
simplified and under goes a transition to something a lot less wasteful.   

Small data footprint language models has less that 2000 tokens in memory.  Again, 
this is old cell phone stuff.  The output of a LLM engine is composed from linear 
transformation of data in what is called an inference engine.  What is the next word? 
How is this computed?   We use Bayesian distribution of probabilities about what 
word, or work task, should be next.  That is the ‘inference’.  This notion about an 
inference is not the same as human thinking. Misplacing concepts such as 
complexity and inference is a direct consequence of the AI mythology. 

LLM use is assumed in several of the twenty semester-long courses in SSDN ™’s 
two-year digital science degree program.  SSDN ™ students, using LLMs, complete 
a basic requirement for an applied digital science exercise, in the form of a Student 
Concept Narrative (SCN). Student “blog elements” are written on plain paper and 
then transcribed into various types of data.   

HyLighter beta software191 was developed in 2023-2024.  Using the beta student 
interns hand selected parts of sentences. Individual judgements are made regarding 
what is important.  Several individuals used this software to produce a mark-up of 
a small collection of student narratives.   

 
190 https://en.wikipedia.org/wiki/ANSI_C 
191 HyLighter beta release can be discussed under NDA with Applied Knowledge Science Inc. 
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We call the parts of sentences so selected ‘text snippets’.  If the Student Concept 
Narrative (SCN) is hand written, we use handwriting recognition software. Good 
handwriting software is available using LLM transforms. In our courses, we make 
use of the ever smaller and ever less expensive LLM outputs as a ‘digital inference’ 
engine. LLM output contains statistically developed data points in n-dimensions 
with Bayesian distributions.  

The variable n is an integer indicating space dimension. However, all of the 
necessary computations are reduced to less that 2000 dimensions.   Our description 
of S/G into a n-dimensional surface contains a philosophical perceptive that 
reduces the useful dimensions from trillions to a small number.  

Once we have text files, an index into a set of text snippet representations is built.  
A set of data points represented as a set of n-grams is produced from words and 
phrases192. Collections of text snippets are placed into an RDF file, as data triples.   

Patterns identified using simple S/G algorithms are associated with an abstract class 
called “concepts”. These concept representations are encoded in RDF format; e.g., 
as a set  

{ < a, r, b > } 

in a hypergraph database. Variables a and b are instantiated from a folk taxonomy.  
Computationally, we model human memory encoding processes as scatter-gather 
iterations, as discussed in Design Principles.  

Engrams are the traces of memory, aggregated together to form cognitive 
coherence.  Human cerebral cortex supplies associations while other regions, 
primary hippocampus cellular structures, supplies memory elements. Recognition 
occurs in both the brain system as well as in scatter-gather (S/G) algorithms 
invented by Prueitt (1998). How recognition occurs is different due to his 
Categorical Distinction (GD) principle.  

 
192 https://www.ngrams.info See for example of n-gram analytics over all Internet text.  
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Of course, what we mean by ‘recognition’ is very different.  A simplified form of 
real time AI is discussed in Design Principles193(2020). We theorize that small sets of 
invariances are seen using pattern recognition. A subset, of the set of all atoms, is 
aggregated using a convolution194 over all possible inclusions of atoms.  This subset 
is formed from a folk taxonomy specific to one vernacular.  

Only a small number, less that 1200, vernacular atoms form a culturally specific 
taxonomy. These atoms are encoded into a small memory RDF file.  In this file, we 
always have only data triples, a, r, and b. In any of the files a first triple states size 
of each variable in < a, r, b >. Object oriented design is then used to populate a 
cubist model. A task model is then created using only elements of Cubicon 
modeling language195.  

Encoded as a hypergraph, the relationship r can be as simple as distance, in some 
metric.  Metric variables are used in random pairwise iterations.  Points on the 
surface of a n+1 dimensional sphere aggregates points into clusters of points on a 
surface.  The iteration process is a finite ergodic process that is not statistical.  
Human in the loop produces focus and the reduction from large token digital 
inference engines to the small foot print framework we are discussing. We also 
suggest that human brain systems have architecture more like what we describe 
than LLM architecture.    

This ergodic process produces a small taxonomy, a folk taxonomy if the input is 
human language files. S/G of this type is a feature extraction process not depending 
on the linear layers of a feedback back-propagation of error algorithm.  
Performance can be measured against a Hopfield network196. The reader should 
look at how wiki discusses Hopfield’s algorithms. These are not LLMs. 

A convolution over such a set of points is made simple when each of the containers 
for these three variable is defined using a small, fixed, data packet size.   

 
193 Prueitt, Paul Stephen Deep Learning Manual Series: Design Principles  (2020) Published by Applied Knowledge 
Sciences Press 
194 https://en.wikipedia.org/wiki/Convolution 
195 Prueitt has studied the Cubicon language since first meeting Sandy Klausner in 1998.  Discussion about 
future use of digital modeling language can be arranged.   
196 Hopfield network: https://en.wikipedia.org/wiki/Hopfield_network 
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What is Cubicon 

Cubicon is a digital modeling language, having Semantic Web 3.0 compliant human 
interaction methods.  Court litigation has judicated that Cubicon as not ownable197.  
We claim that Cubicon is a natural language that is both open and close(able). 
Cubicon when used in an informed way has properties of a human language.  
Humans easily define tasks with Cubicon.  In Cubicon language we have ability to 
define a finite Hilbert space and populate this space with vector points.  However, 
we need not use linear transformation or the back-propagation developed first by 
Paul Werbos198. With a minimal system we ask questions to an existing LLM or 
construct a language model from nothing. 

Cubicon modeling language and implementation methods make ‘completing tasks’ 
extremely simple.  Billions of dollars, per month, are now being spent on LLM 
transfer engines.  LLM output can be read using Cubicon.  Once read into RDF 
triple LLM output is easily used by humans.  

A Cubicon Core has a virtual, but Separable-from-the-Internet (SI), operating 
system.  Task encoding into functioning backend apps becomes simplified, stable 
and provably secure.   And there is no need for any LLM transform. Actually, no 
need for LLMs at all.   However, we can read LLMs into a Cubicon core.  Why 
not? Individuals, trained in task definition, simply design with a ‘clopen’ digital 
modeling language.   

Clopen sets are both open(able) and close(able).  Change from open to closed is 
done by defining the dimension of a finite Hilbert space.  One finite state machine 
is easily transformed into a different finite state machine, one having the same 
information or a transformed data set.  The dimensions also change.  

One can define patentable processes as a finite state machine in Cubicon199. Think 
about this for a moment.  One gets a patent and executable code.  A system for 

 
197 Reference is needed here. 
198 https://en.wikipedia.org/wiki/Paul_Werbos 
199 A longer discussion on this can be scheduled with Dr Murray at Applied Knowledge Sciences Inc.  
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mini-banking payment to patent owners exists200.  These definitions are digital 
machine executable on a small independent OS.  

Cubicon is a language that can be opened, (i.e., contextual semantics is changed) 
and yet is generally closed so that a digitally contextualized finite state machine is 
(automatically) defined.  This definition is contextualized by individual actions on 
digital devices consistent with SW 3.0 standards.  

Having a legitimate means to model any future task description is overcome by 
allowing Cubicon to change underlying digital encodings as integers into pre-
defined data slots.  Machine, i.e., digital, convolution is like the integration operator 
in calculus.  Except here there is no concept of infinite.  There is no sum either.  
Each location is visited in a natural-order, that ordering determined by point 
location in a finite Hilbert space.  There is a sequential, linear, ordering from the 
natural number system encoded into memory locations.  

No machine dependent index is needed. 201 Convolutions look at each element of 
a data set once and in a natural order that inherits from integer natural ordering. 
We then use a Hilbert Engine, with specific number of integers in a specific Hilbert 
space. The Hilbert space is a finite state formal system on which we defined process 
models.  Letters are considered positive integers base 64.  Text snippets are just 
positive integers.  No round off error, provably.  RDF files are all there in the SSDN 
™ ’s data repositories.  

Everything is small.  Small footprint.  Small effort needed to process task requests.   
Small operating system.  Fits on an old cellphone.  We then use principles learned 
through the study of Cubicon digital modeling language, in which we create 
efficiencies in how packets are processed.  Think that only basic Python and ANSCI 
C, for memory management, exists beyond the most minimal Linux OS.    

Convolutions over and aggregations of semantic atoms are then theorized to form 
biological substance supporting cognitive focus. This theory replaces 
computationalism and the mythology of AI. We gain insights into digital devices by 
understanding that computer intelligence is not like human intelligence.  

 
200 https://en.wikipedia.org/wiki/Brad_Cox 
201 Under NDA, a longer discussion can be made about the Hilbert Engine.  
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In a one semester course in data structures and algorithms we engage in 
philosophical discussion about parts and whole, Mill’s logics and Peircean parts and 
wholes.  We study modeling languages like Cubicon, but we also use standard 
coding languages. We develop code, and code design in  Python and C.202 203 
Compressions of information are possible.  Compression in simplified-AI (s-AI) 
architecture gives encryption as a side effect, not costing anything. These 
optimizations create very small data structures to be placed into computer memory, 
using ANSI C.  

Moving design to a modeling language is subject to a number of considerations.  
The interface between a real natural world and digital machines is confused.  As an 
example, Stanford University has recently , August 2026, made a lecture series on 
LLMs available free on U-Tube. The lectures assume, and actually assert, that the 
natural universe is a computer like simulation.  This assumption is called 
‘computationalism’.   

The core problem here is too much money being spent under the direction of small 
group of people. The benefits from this expenditure can be spread over all 
individual persons, by understanding and setting aside the AI myth.  The myth is 
that a digital system producing LLM digital inference is thinking.  It is not thinking.  

 

 

 
202 We could use R and link curriculum to linear algebra, as necessary to describe and code steepest descent 
methods in numerical analysis; and thus, to artificial neural networks.  ANNs the following semester.   
203 Genetic algorithms are covered by looking at John Holland’s work.  John Casti’s work is reviewed to give 
background to complexity theory.  Stu Kaulfman ‘s work is also reviewed to give the notion of emergence 
context.  See https://en.wikipedia.org/wiki/Stuart_Kauffman 
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Digital Science Course 

What are the parts to a scatter-gather (S/G) algorithm?  What does designed code 
for S/G look like?   What do S/G models have to do with biologically feasible 
layered digital ontology? How do computer processors work? How are all these 
things connected? 

Use of a white board, or Zoom, helps a professor explain what scatter-gather has 
to do with forming layered digital ontologies as models of biological processes.  
Layered ontology is a derivative of a 1994 innovation; which Prueitt demonstrated 
in code in 1996.   

He gave a talk on this in Moscow in 1997204.  During this time, he often used Gerald 
Edelman’s work to explain why his Process Compartment Hypothesis (1996)205 is 
valid and relevant to computational models of biological expression.   

We could mention Karl Pribram, Paul Werbos, Roger Penrose and others.  Coding 
design is what students will focus on.  However, many of the issues we need to 
discuss are found in foundations. The history of logic and mathematics foundations 
is relevant. In our courses, foundation theory is viewed from a specific perspective.  
Content and exercises are intellectually stimulating.   

Curriculum is designed to impower the graduate with an understanding of how 
natural intelligence is not the same as machine computation.  Serious coders will 
have a lot to do206.  New types of employment opportunities are created by 
innovation that puts knowledge about LLMs in the hands of everyone.   

At one point one will see “new” mathematics and logics.  Issues of countability and 
compactness are discussed with NDA if an individual has studied advances real 

 
204 Prueitt, P.S. (1997) Quasi Axiomatic Theory, represented in the simplest form as a Voting Procedure. 
Presented in Moscow at a conference held at VINTI, and published in All Russian Workshop in Applied 
Semiotics, Moscow, Russia. (Translated into Russian and published in VINITI Conference Proceedings.) 
205 Prueitt, P.S. (1996) Is Computation Something New? published in the Proceedings of NIST Conference 
on Intelligent Systems: A Semiotic Perspective. Session: Memory, Complexity and Control in Biological and 
Artificial Systems. IEEE October 20-23. 
206 To record using Zoom is helpful.  Imagine that students and professors are able to zoom from one of the 
community college’s classrooms.  Perhaps a small group could be invited to a weekly Zoom session?    
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analysis, foundations and mathematical topology.  A number of issues are talked 
about.   

J.S. Mill’s logic; e.g., “Soviet era quasi-axiomatic theory" are about properties of 
compounds; e.g., events, when partial, incomplete and perhaps misleading 
information is present.  There is a lot of history here.   

With layered modeling; atoms are separated from compounds forming a periodic 
table type information resource. There are rules of aggregation with selective 
convolutions.  Gated di-pole behavior acts locally as local resources deplete.    

Atoms are found first.  In nature, according to stratified theory, atoms are very 
stable.   A hypothesis is made about how events form and dissolve.   

Conjecturally: Data from the physical “atoms” will express as patterns.  Patterns are 
then recognized as “signatures”.  

The set of signatures in physical chemistry forms the body of the science of 
chemistry. Here we find quite a lot of good computer science. We can model the 
formative processes fond in chemistry using 3D modeling tools.   

A little bit of computer science is involved in defining standard S/G.  One can find 
articles is about scattering data into primary memory207.  Selection is changed with 
a shift in contextual focus. Wiki does a good job in discussing instruction-level 
gather/scatter208. 

Prueitt developed his scatter algorithms onto a one point compactification of a line, 
forming a circle. This was in 1994.  Scattering points onto a circle was something 
only a mathematical topologist would see.   One-point compactification.   There 
are many benefits. Prueitt published various versions of voting procedures and 
layered ontology starting in 1995.   There are generalizations, even into category 
theory.  Never been done in code, however this is easily described.   Coding the 
generalizations would be new original work.   

 

 
207 https://www.eejournal.com/article/20170209-scatter-gather/ 
208 https://en.wikipedia.org/wiki/Gather/scatter_(vector_addressing) 
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Frameworks 

Scatter to a point on a circle is then followed by a gathering processes often 
involving moving the location of points on a curve; e.g., a linear ordering of a finite 
and fixed number of points.  Points on a one-dimensional line is a foundational 
hash table concept209.   

The scatter gather may be performed using a simple Berkley hash table.  Again, this 
is work that makes Prueitt’s S/G very fast and having a small computing footprint.  

Suppose that you have a bag of things.  You scatter representations of those things 
onto points in a finite discrete line segment. This is a simple linear graph; so fast 
convolutions, one-time passes, are possible.   One scatters graph nodes to a discrete 
line.  Gathering is then random pairwise selection followed by possible location 
movements210. The S/G process on a discretized circle provides a minimal 
computational space for specific contextualized exercises.  

Let us look at a thought experiment.  In the late 1990s, Prueitt developed what he 
called fable arithmetic211.  Take as input two or three, or a small collection of Aesop 
fables, add and subtract language models to produce a new fable that experts belief 
is an Aesop fable212.  

What is the dimension of the surface of a n-dimensional sphere? Is this answer, not an integer?   
What exactly are we talking about?   Can we scatter-gather in n dimensions?    Of 
course, we can.   The integer n can be used to produce a mapping to a Zackman 
Framework213.   It may be defined so that there exist two integers, r and q, so that 
n = r*q.  The integer r is then the number of rows and q is the number of columns 
in a matrix type framework.  If we take a line segment and form the one-point 
compactification (make the two endpoints the same) then the line segment 
becomes a circle.   Kind of hard to do without the axiom of choice.  Scatter to the 
circle.  Distance between points on the circle is given as angles.    

 
209 https://en.wikipedia.org/wiki/Hash_table 
210 http://www.ontologystream.com/beads/nationalDebate/eleven.htm 
211 http://www.ontologystream.com/cA/index.htm? 
212 https://www.thriftbooks.com/w/the-fables-of-aesop-as-first-printed-by-william-caxton-in-1484 
213 https://en.wikipedia.org/wiki/Zachman_Framework 
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Nearness to and far-ness from basic elements measured in Hopi and Navajo.   How 
is so and so related to so and so?  We develop a model of the vernacular of a natural 
language, as used by a community. Oppositional scales can be defined.    

Measurement between two points’ location is encoded as a set of angles.   
Information of the type we are speaking about is encoded into a graph database.   

{ < a, r, b > } 

This formally is a set of RDF triples.   One may easily scatter and gather iteratively 
and slowly.    Models of compounds self-organize.    Fast.   Simple.   

There are a lot of questions here.  First, if there are pre-processing steps, the scatter 
may have categorical structure; bias.  A framework, for example; may be n by m; so 
that n time m dimensions are equipped with localized metrics.    We gather slowly, 
iterative, into clusters like we see in the figure below.   

 

Graph neighborhood with center at the word ‘attack’.  

Ask the question, what is close to what, then move the two points a little.   Do this 
pairwise selection few thousand cycles.  This is feature-extraction from human 
language use.  Patterns of features are used to model data measured from 
compounds/events. 
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Chapter Eleven: HyLighter Beta Pilot 

HyLighter LLC Beta  

Was a software architecture, HyLighter LLC Beta, ahead of its time?  We agree that 
current 2026 LLM architectures are simplifying to simpler software architecture.  
Some believe that LLM usage will finally catch up to Lebow’s thinking about multi- 
document, multi-person, sense making.  To understand why we discuss the 2006 
patent awarded to David Lebow214.   

Chapter Eleven is written to describe a start-up program.  In a short period of time, 
many of the objectives of earlier programs and proposals could be addressed. We 
discuss Prueitt’s S/G (1998) algorithms. We discuss how Lebow’s patent reflects 
how we, our team, perceives stratified atoms to molecule emergence processes.  We 
say that these process model the formation of coherent events occurring in human 
brain systems. A more general statement can also be made about modeling protein 
folding. The discussion is rich and could include a discussion of Charles Sanders 
Peirce’s ULV (Unified Logical Vision). 215  

We also discuss Diné College’s piloted program, 2021-2025. Prueitt conceived this 
work as part of an American tribal community college’s college math remediation 
program. During this time, we noticed Benjamin Whorf’s work on non-
translatability between any two natural languages.  Non-translatability between 
natural languages arises from hidden cultural differences. Pathways the Book (2026) 
addresses this finding in depth. Specially we advance technical capability to preserve 
American indigenous culture by making that which is not translatable, more easily 
seen.  

During that period, we engaged advanced Diné College students in the following 
process: 

• Write a Student Concept Narrative, Part Four, on your opinions about 
human deep learning experienced in your math class. 

 
214 https://patents.justia.com/inventor/david-lebow 
215 https://en.wikipedia.org/wiki/Semiotic_theory_of_Charles_Sanders_Peirce 
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• Work within a team to place all SCNs into text files treated as one 
collection.  

• Each member of the team highlights and makes comments to selected 
fragments of text. 

• The team will work together to construct a narrative-like representation of 
student opinions by arranging HyLights into a preferred sequence or 
storyline (i.e., a HyLighter Trail or HyTrail). 

• As a team, we will review various HyTrails and make changes to improve 
the storyline. 

• The team will use the HyTrail as a guide to collectively write a paper about 
the various viewpoints of students. 

Prueitt modified these program objectives for a project starting in 2027.  A research 
team is to use artificial intelligence applications to assess resulting text documents 
for local and global coherence. Coherence, arising in the cerebellum is modeled as 
emergent from brain system interaction.  Coherence is then associated with specific 
viewpoints.  Several things kept us from looking more closely at the notion of local 
and global coherence. However, our team is now in position to take next steps.  

Machine-Aided Sense Making 

Prueitt’s analysis of a 2006 HyLighter patent advanced his work several steps.  The 
patent has two parts, a color overlay innovation and the scatter-gather (S/G) 
processes that maps to Prueitt’s notions about stratified computing.  Dr. Lebow’s 
description regarding how he physically cut on many pdf files into snippets is 
similar to a algorithmic process that Prueitt developed in 1998 and 1999. Stratified 
computing is then linked to the behavior of immune and neural systems216 217.   

Our new experimental design has these aspects.  

 
216 Dissertation: Prueitt, P.S. (1988) Some techniques in mathematical modeling of biological systems exhibiting learning, PHD 
Thesis, in Pure and Applied Mathematics, University of Texas at Arlington Press 
217 Prueitt, P.S. (1995) A Theory of Process Compartments in Biological and Ecological Systems. In the 
Proceedings of IEEE Workshop on Architectures for Semiotic Modeling and Situation Analysis in Large 
Complex Systems; August 27-29, Monterey, Ca, USA; Organizers: J. Albus, A. Meystel, D. Pospelov, T. Reader 
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1) Take a collection of handwritten student narratives about math class as 
inputs;  

2) Select parts of sentences that seem significant; 
3) Produces an automated sorting of data “units” into categorical structures;  
4) Organize these structures into a layered ontology; 
5) Generalize Prueitt’s stratified process architecture to support other types 

of data input.    

Prueitt has gathered student writings since 1989 and has taken Internal Review 
Board training at Texas State University in 2016. This collection of deindividualized 
student documents is used to improve learning theory. In a ruling by TSU IRB, we 
determined that publishing this data was allowable.  

Student written documents are de-individualized to produce a collective perceptive 
about math class training. What we shed light on are mass behaviors as expressed 
in textual writing.   We are researching how students feel about college freshman 
math class. By 2022, Human Deep Learning (HDL) methods were being used in 
various courses and by several of college professors.   

Teaching HDL methods involves re-programming individual student perceptions 
about the learnability of general education college mathematics.  It is this transition 
from a fixed mindset to a growth mind set, specific to academic studies, that we are 
looking to model.  The models we have developed explains how a human brain 
supports a change in mindset. These models have many applications.  
Computational models guide us in producing anonymous mentoring advice from 
MC ™ staff to an individualize profile.   

We advance clinic science as well as simplification of academic computer science.  
The new computer science gives us individualized off-the-grid simplified-AI. The 
architecture depends on very little outside code, none at all if we are successful at 
building stratification into icon based code (using Cubicon, see previous chapter.) 

We ask specific questions?  What causes a transformation of individual perceptions? 
How often does this occur?  What is mindset? Are there emergence processes 
involved in transitioning to a new coherent state of mind?  What can be done in 
terms of mentoring, and tutoring, when an individual is not prepared for a standard 
university level course in individualized study of mathematics.   
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But what if the individual has been enrolled into a college transferable college 
algebra course? One can predict that over 75% of students failing college algebra 
will never earn a college degree. We also see the up to 40% of freshman student 
enrolling in college algebra complete the course with an A or B final grade. 218 These 
statistics are hidden by college administrations. The severity of freshman student 
decline in demonstrated analytic abilities must be hidden to preserve the illusions 
put forth by universities and colleges.  

Students learn that note taking allows the non-aware part of the mind to synthesize 
experiences.  Students learn to focus-on a topic and then focus-away onto 
something else.  A shift in focus sets up an affordance resulting in a remembrance 
of the focused study.  This remembrance binds short term and long-term memory 
systems, in the context of learning the abstract concepts found in college algebra.  

There is a structure to how the Student Concept Narrative (SCN) is to be written.  
Understanding freshman college algebra concepts using HDL methods is required 
by the professor.  Student written narratives each have four sections, called parts 
In the first part a student has listed names of all topics he or she is studying. This 
list is then separated by the student into two lists; comfortable and not comfortable. 
We thus have user definition of location within a topic map.   

ALEKS, and other digital knowledge representation space AI systems, make the 
same separation between what is represented to be known and what is represented 
to not yet be known. A second part of the SCN is a handwritten narrative about a 
topic that is well understood.  The student selects this topic him or herself.  A third 
part is about a topic that the student is not comfortable with.  There is a contrast 
between Part Two and Part Three. We use encoded data about learning in a context. 
A procedural separation of focus provided separation of student perception about 
two different views regarding the entire course curriculum.   

More needs to be said regarding our proposed use of S/G to automate the 
provision of academic mentoring.  This subject is discussed in Chapter Ten 
(Transitions to simplified-AI, 2026).  There are multiple steps involved, each step 

 
218 Lamb, Colby, "Help-seeking for College Algebra Students' Success: A Phenomenological Mixed Methods 
Study" (2024). Dissertations and Doctoral Documents, University of Nebraska-Lincoln, 2023–. 244. 
https://digitalcommons.unl.edu/dissunl/244https://digitalcommons.unl.edu/dissunl/244/ 
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revealing some part of machine learning or linguistic based analytics.  In our 
proposal, for a next step, we develop S/G architecture discussed in Chapter Ten.  
The input into our S/G algorithms is Part Four of the SCN.  This SCN part is a 
textual description about how the student feels regarding HDL.   

Assessment of the entire process uses Student Learning Objectives (SLOs).  
Standard SLOs are rarely defined by the student.  However, in our case, the 
objective is to individualize student access to a digital knowledge space for academic 
curriculum, such as the ALEKS ™ learning platform. ALEKS scores provide SLO 
based metrics for each student.  At Diné we showed that assessment can be de-
individualized to produce class section, instructor and program level academic 
assessments (see Pathways the Book).  

The other parts of a SCN each should have handwritten mathematical notation. 
These parts are read by the MC ™ professor who is teaching a virtual three-week 
mini-course. The SLO, ‘Student thinks mathematical is scored. Mentoring type 
feedback is provided individually to each student. The fourth part of a SCN is 
deindividualized and sent to MC ™ staff.  Staff then uses something like HyLighter 
Beta software allowed us to do in 2022 and 2023.  The gathered snippets are then 
associated with random points on a circle.  An iteration quickly forms a semantic 
taxonomy. 

The fourth page of a SCN is a blog type narrative about how the student feels.  
Then hand written the words are transcribed into text and saved as a pdf file.  It is 
this narrative that we input into a multi-step markup process using a process model.   
After markup we use the S/G process and human inspection to create a gist, a 
compressed summary, from many student papers.  The gist is then used to indexed 
future categorizations. The emerging categorizations are then linked via a simple 
expert system type look up table.  This look up table is individualized and is 
culturally tuned.  At least this is the goal. 

The produced expert system then offers MC ™ mentors several possible responses 
to student requests for mentoring on how to use ALEKS in a non-forcing fashion.  
Again, ALEKS is the tutor.  Peer-mentors are trying to help the individual, again 
without knowing who the individual is.  Given the aid of SSDN ™ trained student 
mentors, the professor provides greater knowledge, during recorded lectures,  
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based on a PhD level professor’s deep understanding of subject matter. With these 
processes we automate action-response cycles produced by locally owned Mentor 
Circle ™ (MC ™)219 franchised businesses.   

Program Purpose 

We will design, develop and test a prototype application coded in the Python 
language that uses our experience with the HyLighter beta as a model.  The data 
sets to be processed as input include 1127 existing scanned typed or handwritten 
natural language narratives generated by students in Prueitt’s mathematics classes 
(1988 – 2018).  We also collected, and stored, student work from mathematics 
classes at Diné College.  A lengthy review by the college will be necessary if these 
textual files were to be used for research in the future.   

 

HyLighter 3.0 beta (2023). 

Only a few individuals have used the HyLighter Platform 3.0 Beta (see figure 
above).  Currently the software platform is placed on the shelf.  Our use of 
HyLighter Beta software in 2023 and 2024 helped use design the now proposed 
stratified computing architecture.   

We hypnotize that this architecture can outperform the trillion parameter LLM 
engines now already constructed.  

 
219 Reference to Deep Learning Manual Series: Design Principles (2020) Published by Applied Knowledge Sciences 
Press 
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The student narratives do not contain any identifying information whatsoever, 
thereby ensuring that total privacy is fully maintained.  Several of these narratives 
have been included as illustrations in Prueitt’s recent books on human deep learning 
methods220.   Additionally, approximately 210 “blank paper exams” (pre-2021) have 
been scanned into pdf format221.    

HyLighter code base was improved over the three years Prueitt and his Diné 
College students worked with this software.  Dr. Prueitt and his students had a 
small part in that improvement.  The 2019 design involved use of Clojure222 with 
Java Script with a J2EE server.   A docker-like cloud application is designed to scale 
to very large numbers of users.  However, the 2019 platform supported only 10 
projects. There were also small deficits in the coded architecture. Prueitt felt that 
these deficits were fixable if we scale the architecture down.  Leadership at 
HyLighter choose a different pathway. 

We observed to HyLighter management in December 2024 that some difficulties 
in initial marketing are removed if the architecture does not have to scale to Internet 
of Things (IoT) levels.  We noted that since 2019 there has been improvement in 
the architecture.  Part of our current project is to acquire a separate and simpler 
HyLighter beta or simpler code base, with Python source code only.  If we were to 
move in this direction, ownership of the derived code is to be negotiated at a future 
time with HyLighter LLC. However, just like with Cubicon and with the Hilbert 
Engine, we have designed around not having these innovations during our next 
step.  

CTO David Boyer coded a simplified and adequate scalable underlying architecture.  
However, for our purposes, the code needs to be specialized to serve our specific 
linguistic analytics.  There are also ways to extend the 2006 patent using S/G 
algorithms and voting procedures.  So additional value could come to all parties if 
this process patent were to be described using Tr3Dent process modeling. Tr3Dent 
is yet another technology innovation, see the Forward in Pathways the Book (2026). 

 
220 Prueitt, Paul Stephen.  Deep Learning Manual: Foundations, Published by Applied Knowledge Sciences, 2017.  
221 2016-2017: University of South Georgia, Calculus I or II 
222 https://clojure.org 
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Knowledge Artifacts with Workflow 

Layered architecture uses scatter-gather-voting to organize and compress data, with 
category sorting of data units into an integer number of bins.   

• Categories are then encoded as XML and HTML, or Topic Map, data 
units managed by Python code.   

• RDF triple stores are stored by Python as ASCII text files.  

• Emerging matrix-type frameworks are interchangeable.   

Assigned categories can be made to match a specific three-color coding schema.  

Simple insights into the nature of  

{ self, not self, and other } 

becomes apparent as categories emerge from scatter-gather and voting procedures.  

Layered Ontology with data harvesting is valuable when using input categories, such 
as:  

{ past, present, future } or { threat, not-threat, unknown } or  

{ endo-physics, self, exo-physics} 

These input categories have similarities to the HyLighter patent and provide sense-
making aid using a knowledge artifact accounting system.  The system is a layered 
ontology as defined in Dr. Prueitt’s publications. The system is also Semantic Web 
3.0 compliant.  

Sets of three categories, such as these, can be seen as oppositional scales with a 
neutral middle.  Values, -1, 0, 1, are used to encode measured statistics in a single 
dimension.  More can be said on this as part of work we will publish. 

An existing, de-individualized, student narrative text corpus is deemed of high value 
to the task of understanding social viewpoints about math class.  One such text 
corpus was developed during Prueitt’s two years teaching freshman mathematics at 
Texas State University (2014-2016).  This text corpus has an IRB review on the 
intended use and is published in Design Principles (2020).  We tested a very 
generalized inference engine using Semantic Web 3.0 standards.  
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Once used, according to the designs we have already produced, new text corpus 
can be prepared and then input into a social-gist-extraction process. 

AKS Inc will supply knowledge elicitation and knowledge management workflow.  
AKS’s workflow is directed at making sense of student experiences in math class.  
Clearly this is a challenging task, and one that will exercise natural language 
processing tools, as well as machine learning tools.  Drs. Prueitt and Murray’s 
working relationship extends back to 1992, when Dr. Prueitt was a research 
professor of physics at Georgetown University.  AKS Inc. proposes to produce a 
dual-use small-team sense-making tool set, using this set of handwritten student 
narratives as the first test corpus.   

Multi-coherence 

A central challenge is in representing multiple viewpoints as coherent assemblage 
from atomic units.  Layered ontology meets this challenge by using a one-pass 
convolution over real-time data streams.  This process follows architectural 
elements found in the Hilbert Machine patents by Gruenwald223 and is proprietary.   

Layered ontology consists of a set of atomic data categories with various 
representations regarding the nature of the categories.   

• Measured invariance within a set of data units defines a representation of 
atomic category, expressed as a semantic distribution of word tokens.   

• Semantic atoms have isolated meaning.   

• Meaning forms when more than one atom is assembled into a model of 
an event.   

• Assembly processes may be varied and will produce visual graphs evoking 
various coherent human perceptions.   

• Representations may be viewed as topic maps or machine-induced textual 
gists.  

We have all seen mono-coherent behavior in certain individuals within our 
organizations, as well as within the community of government officials.   

 
223 See: https://bjorngruenwald.wordpress.com/  
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Small team sensemaking tools bring an ability to see multi-coherence from real-
time emergence of situational topic maps.  We may see and understand how to deal 
with cognitive barriers and cognitive traps.  This is an undreamed about feature of 
the stratification architecture.  

It is natural to express several levels of comprehension.  Layered digital ontology, 
constructed using AKS Inc tools will produce shifts in viewpoint using a 
modification, and simplification, of Adaptive Resonance Theory224.  

Professor at Boston University, Stephen Grossberg’s ART architecture involves the 
use of a field of gated poles225, a simple structure discussed in Prueitt’s dissertation 
and additional publications226 227.  

 

The gated-dipole neural network model228 

Our proposed project offers something new.  Building out a layered ontology does 
not require large data sources.  Once built, a single word will generate a situated 

 
224 https://en.wikipedia.org/wiki/Adaptive_resonance_theory  
225 http://techlab.bu.edu/resources/article_view/fast_computation_of_a_gated_dipole_field/ 
226 Levine DS, Leven S J, Prueitt PS. (1992) Integration, disintegration and the frontal lobes. In: Levine DS, 
Leven SJ, editors. Motivation, emotion and goal direction in neural networks. Hillsdale, NJ: Lawrence Erlbaum 
Associates, 1992. p. 301±35 
227 Levine, D. and Prueitt, P.S. (1989.) Modeling Some Effects of Frontal Lobe Damage - Novelty and 
Preservation, Neural Networks, 2, 103-116. 
228 https://www.sciencedirect.com/science/article/abs/pii/S0364021399800081 
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ontology.  Different words generate different views of the same data.  For example, 
if the word is “nonsense” an ontology emerges, on a single device – even in the 
absence of an internet connection. To do this one uses an output field of gated 
dipoles. 

Dr. Lebow wrote several excellent scholarly papers using his HyLighter software.  
The papers were about how HyLighter might work in the future.  Dr. Lebow legacy 
is shaped into a body of work that honors and respects a scientist’s life’s work.  
Value will accrue to the LLC that now owns the HyLighter code base.  Confidential 
information is available for discussion.   

HyLighter Beta processing of text fragments with metadata supports new features.  
There is a long history of near successes towards developing a horizonal 
marketplace for multi-document, multi-user knowledge management system.  The 
platform that existed in 2023, as a Beta software platform, allowed a small team to 
review and comment on the student narratives.  The teams’ comments are input to 
separated scatter-gather into a layered ontology, just as student narrative fragments 
are. These output are stored on small text files.  

New funding could provide the needed step along HyLighter LLC’s path toward 
commercialization.  Funding the refactoring of the beta software will serve business 
need for generic real time small team-based sense-making.   

At one level, one might understand what layered ontology229 might do if integrated 
with the HyLighter processes.  But at other levels a strong sense of mental 
coherence may trap comprehension and revert one’s understanding to a specific 
and well-known narrative about “Who is in Control”.   This phenomena should be 
expected as small teams use the principles layed out in the 2006 patent; particularly 
if the current software has a layered ontology backend, like we envision for 
Cubicon.  
 

 
229 Prueitt, Paul Stephen (2026). Deep Learning Manual: Pathways the Book. Published by Applied Knowledge 
Sciences.  



 125 

 

Shifts in Perception and Sense Making 

Even with solid knowledge we are often not able to see the other side of things. 
The figure above was part of an exercise in which two persons viewing a sideways 
“6” see very different things.  This shifting of perception is modeled with Prueitt’s 
layered ontology. The same two-layer ontology, one for atoms and one for 
molecules, will produce different perspectives when viewed by persons.  

Concerns to be Addressed 

Much of what is envisioned in a 2006 software patent is unrealized in software.  
The patent will expire in 2026, perhaps without fulfilling the intent of the patent.    

Dr. Prueitt worked the summer months 2023 on pseudo-code to create what he 
referred to as a Data Stream Harvester.  In Prueitt’s design, data is input into a 
highlighting interface where, as in the HyLighter Platform 3.0 Beta, portions of the 
data (however defined) are highlighted and discussed in small-team sense-making 
tasks.  He wrote seven papers about this.   

Analytics markets and university-based analytics graduate programs continue to 
hold onto the “big is better” viewpoint.  Billionaire investments in AI may be 
viewed as dumb investments230 .  This resistance to a paradigm shift presents a 
constraint on our development of sense-making capabilities required in the Internet 
of Things era.  

 
230 https://www.youtube.com/watch?v=uWnUnMphmPM 
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All too often, we repeat social narratives (memes) without a discussion based on 
merit.  This concern is reflected in our interest in reforming technical education.  
For example, one university has a graduate enrollment of more than 1500 students 
in “Analytics” master’s and PhD programs.  In the universities programs there are 
no neural network courses, and little comprehension of mathematics required to 
understand vector-based processing. There is little chance that graduates will 
understand theory of distributions, or why normal distributions arise out of the 
central limit theorem.  They use R and software supporting advanced statistical 
methods, but often without the mathematical foundations needed from set theory 
or theory of probability.  The blind following the blind, all funded by excess and 
unearned wealth.  

We see something similar in non-STEM freshman statistics courses, having no set 
theory and very little about probability distributions.  Understanding student 
perceptions about math class could impact design of curricula supporting next-
generation analytic tools. This is the central objective expressed in Pathways the Book 
(2026). 

Dr Prueitt produced a model, using the concept of a random scatter followed by a 
similarity induced gather.  He saw and explained a new use for voting procedures 
to HyLighter CTO Dave Boyer and to several HyLighter LLC investors.  Prueitt 
explained how automated sorting of text messages into bins occurs either: 

1) With a fast voting procedure (that could use rule sets or Mill’s Logic) 

2) With a fast scatter followed by a stochastic gather (on the 
compactification of a specified finite dimensional Hilbert space).   

Professor Prueitt’s explanation is not easy to follow, because the subject is 
somewhat complicated.231  Unfortunately, his explanation could not be digested due 
to HyLighter LLC’s financial stress.  Fortunately, we are free from NDAs and thus 
able to complete work that produces actionable intelligence from human-oriented 
sensemaking activities. We are free to ask some new questions. 

 
231 The two-dimensional line, or the closed interval [-1,1], both have the same one-point compactification.  See 
: http://www.ontologystream.com/cA/index.htm? and other explanations.   

http://www.ontologystream.com/cA/index.htm?
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What might happen next in the development of a Data Stream Harvester?  Our 
work with sensemaking tools has put into place specific insights as to how real time 
human sense making might be aided by layered ontology232.   

Layered ontology has an atomic substructure consisting of minimal elements, the 
set A, needed to form situational models.  Once relationships between atoms are 
identified, a set of RDF triples  

{ < a, r, b > } 

allows human or machine assignment of possible relationships between any n 
elements in the set A.  

Situational models form from a voting procedure that uses principles found in J. S. 
Mill-type logics.  These have the form “given partial and perhaps misleading 
representation of the atomic composition of a compound, what are the properties 
of that compound?”  A good Mill’s logic should be a minimal compression of sets 
of rules observed in past analytics regarding situations of interest.   

One should note that assignment of non-specific relationships between elements 
in a sub-structure is discussed by both Paul Thagard233 and Paul Smolinsky234.  
Assembly mechanisms are discussed by Robert Rosen235 and others.  So, we do 
have a rather complete scholarly literature to reference.  

Insight into human sensemaking provides the possibility of a new architecture 
designed to mimic interactions between actionable intelligence and a substrate from 
which situational representations emerge.  The architecture is formative in that 
resources are in place before an event.  These resources then give various views of 
incoming real-time data about events.  

One can see how simple, layered ontology is used as a sensemaking tool.  The input 
need not be via HyLighter’s three color categorization:  

{ yellow, blue, green } sameAs { self, other self, intersection } 

 
232 see: http://www.ontologystream.com/cA/papers/EventDetection.htm 
233 https://en.wikipedia.org/wiki/Paul_Thagard 
234 https://en.wikipedia.org/wiki/Paul_Smolensky 
235 https://en.wikipedia.org/wiki/Robert_Rosen_(biologist) 

see:
http://www.ontologystream.com/cA/papers/EventDetection.htm
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In fact, Prueitt has written extensively about how three categories might be formed 
for the 1127 student narratives he has in his research library: 

{ known, not comfortable with, outside of my awareness } 

It is true that understanding layered ontology from categorical input channels is 
challenging for those not having sufficient technical background.  Small team-based 
sense making is also a human activity not yet fully understood in part because of 
the variability of human perception.   

A depth of knowledge about behavioral neuroscience is important and not many 
technology managers have this depth.  A struggle for minimal resources is also not 
positive.  However, what we have now is a design for a powerful small-team 
sensemaking toolset, with or without the HyLighter Platform.   

Data Stream Harvester 

As CEO of his company, Ontology Stream Inc. (OSI), Prueitt worked on minimal 
Python and C code while also working on the memory manager for Cubicon OS. 
We are able to reuse previous (1999-2002) work on S/G with the many 
accompanying tutorials on the ontologyStream.com main web site236.   We estimate 
two months to complete preliminary reproduction of the existing scatter-gather 
tutorials and the “.exe” C programs developed during that period.  Most of the 
effort will be reading HTML files into minimal Python and C, for memory 
management.  HTML files can be produced from text files using simple Python.  

Previously developed scatter-gather methods will be modified based on recent 
insights regarding a three layer stratification architecture, simple object definitions 
in Python,  scatter-gather algorithms, graph visualization and Prueitt’s voting 
procedures.  Test data will be derived from existing student narratives about student 
feeling towards mathematics.  Folk taxonomies will encode a small Language Model 
(s-LM) as a hypergraph.   

A second test corpus is the classical collection of 725 Aesop fables.  Machine 
learning methods, that are not statistical and are not using a LLM type architecture, 

 
236 Again see : http://www.ontologystream.com/cA/index.htm?  

http://www.ontologystream.com/cA/index.htm?
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will produce an ability to write, as output stories that read like fables.  These 
machine produced stories are similar to the Aesop fable collection.   

To the degree possible, the architecture will be mapped to pre-frontal cortex (for 
context control and selection), cerebellum (for management of multi-coherence) 
and hippocampus (for memory encoding as a hyper-graph data repository)237.   

When preliminary work is completed, we will reach out to others regarding the use 
of current patents and the production of new patents.  However, the concept of a 
data stream harvester does not depend on three-color coding or software design as 
seen in HyLighter Platform 3.0.  A merger of two technologies might have mutual 
benefits, but AKS and its associates are free to develop innovations around various 
patents.  

The OSI Harvester will pull in data streams and separate them into categorically 
similar data steams using number-theoretic branching that depends on parsing 
XML or HTML only.  Very simple data packets have content defining categorical 
abstractions.  There is a functional connection to Cubicon, to general framework 
theory and to complexity.   

            

Previously Developed OSI Screen Interfaces 

For the proposed work, we do not need a server and will use only ASCII text files 
as data storage.  The RDF repository will be developed based on input from a 
hyper-graph data source.  

Many extensions of the prototype are envisioned, including using the Hilbert 
Engine patent, super-distribution, and virtual ledgers.  But this is a story for next 

 
237 The results will be reported to the Journal of Learning Science.   
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year and a different project.  A complete data stream prototype could be delivered 
six months after contract award.  We will markup selected student papers (all of 
these are de individualized).  As a student peer-mentor reads a pdf file, that 
individual highlights parts of sentences.   Highlighted areas are copied and pasted 
into a text file, followed by a unique identifier indicating end of the text snippet.   

Simple HTML files are used to allow individuals to review the snippets created in 
this way. Visualization of hypergraphs will be part of the coding effort.  Data will 
be encoded into RDF files.  
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Deliverables  

• S/G will produce category formations from a clustering process that 
produces something like normal distributions (of atoms) with category 
representations as graphs.  

• These clusters are viewed as simple graphs, using only HTML. 

• We will demonstrate placement of new fragments into bins using Prueitt’s 
Voting Procedure. 

• We will demonstrate formative ontology using layered ontology and 
visualized as hypergraphs. .   

• We will duplicate some of the features of the 2001-2002 scatter-gather 
software  

• We will develop scatter-gather similarity analytics with simple word co-
occurrence.  

• We will define triples < a , r, b> where “a” and “b” are close in co-
occurrence space.  

• We will define more sophisticated relationship analysis where in <a, r, b> 
“a” and “b” have “r” relationship where r is from a rectangular matrix like 
the Zackman Framework.  

• We will create examples of user specified folk taxonomy type sets of 
metrics. 

• We will use a graph database and RDF stack.  

• We will field test using existing student narrative test corpus and the 
collection of Aesop fables.    

• We will write a research report to be submitted to Journal of Learning 
Science  
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