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arcontes de Grecia." — José Martí, Nuestra América 

(1891) 
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F O R E W O R D  

 

In 1995, I proposed a new branch of philosophy that I called neutrosophy: the study of 

the origin, nature, and scope of neutralities, as well as their interactions with different 

ideational spectra. From neutrosophy I derived neutrosophic logic, in which every 

proposition is characterized by a degree of truth (T), a degree of indeterminacy (I), and a 

degree of falsity (F). The three components are independent. They are not required to 

sum to one. And this independence is not a mathematical curiosity—it is the feature that 

allows the framework to represent states of knowledge that classical logic, fuzzy logic, 

and probability theory cannot. 

For nearly three decades, I have watched neutrosophic logic grow from a 

philosophical proposition into a mathematical ecosystem with thousands of published 

papers, multiple journals, and applications across dozens of disciplines—from decision-

making to image processing, from medical diagnosis to water resource management, 

from clustering algorithms to sentiment analysis. The international research community 

around neutrosophy now spans every inhabited continent. I am proud of what this 

community has built. But I have also come to believe that the full potential of 

neutrosophic thinking will not be realized until it engages seriously with intellectual 

traditions beyond the Western mathematical canon—traditions that have been 

navigating the space between true and false for far longer than modern logic has existed. 

At the same time, I have watched with increasing concern the rise of artificial 

intelligence systems that are architecturally incapable of expressing the very thing 

neutrosophic logic was designed to capture: genuine, structured, multidimensional 

uncertainty. These systems—the large language models that now mediate so much of the 

world’s information—produce confident outputs regardless of whether their underlying 

knowledge is strong, weak, contradictory, or nonexistent. They have inherited, through 

the binary logic on which all computing rests, the 2,400-year-old limitation that 

neutrosophy was created to overcome: the absence of a formal representation for “I don’t 

know.” The world does not need more confident machines. It needs wiser ones. And 

wisdom, as history teaches us, does not come from one tradition alone. 

This book is the bridge I have been waiting for. We have translated the mathematical 

framework of neutrosophic logic into a practical, accessible tool for professionals who 

use AI every day but who have no training in formal logic or mathematical epistemology. 
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The three questions, the four zones, the decision templates, the trajectory protocol—

these are neutrosophic logic made operational for the people who need it most. 

We have traced the intellectual genealogy of the ideas behind neutrosophyinto the 

philosophical traditions of Latin America: the Scholastic theologians of Salamanca who 

formalized productive doubt, the Andean civilizations that built their societies on the 

principle of complementary contradiction, the Aymara concept of ch’ixi, the Maya 

principle of In Lak’ech, and the Quechua ethic of Sumak Kawsay.  I believe, evidence that 

the three-dimensional structure of knowledge—truth, indeterminacy, and falsity as 

independent dimensions—is not an artifact of any single tradition. It is a feature of 

knowledge itself. And this means that the solution to AI’s overconfidence problem 

cannot come from the Western mathematical tradition alone. It requires the voices, the 

frameworks, and the lived philosophical practice of the non-Western world—and in this 

case, especially of Latin America. 

I am honored to be a co-author of this book. Together, we offer this compass to 

anyone who has ever felt the quiet unease of trusting a confident machine. 

I have spent my life working at the margins—as a dissident in Romania, as an 

immigrant in the American Southwest, as a mathematician whose ideas were considered 

too heterodox for the mainstream. I have learned that the most important insights often 

come from the periphery, not from the center. Latin America’s philosophical traditions—

from the Salamancan monks to the Andean weavers to the Quechua concept of Buen 

Vivir—are peripheral only in the geography of academic prestige. In the geography of 

ideas, they are central. And the world will not build trustworthy artificial intelligence 

until it learns to listen to them. The machine cannot yet say “I don’t know.” This book 

shows you how to hear it anyway. 

 
Florentin Smarandache 

Professor of Mathematics 
University of New Mexico, Gallup 

March 2026 
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P R E F A C E  

 

This book began with a feeling I suspect you recognize: the quiet unease of reading an 

AI-generated answer and not knowing whether to trust it. 

I have spent a big part of my career in the mathematics of uncertainty. My published 

research addresses how to formally represent, measure, and reason about the spaces 

between knowing and not knowing. I am the editor-in-chief of Neutrosophic Sets and 

Systems, the leading journal in the field that provides the mathematical backbone of this 

book. I direct the Latin American Association of Neutrosophic Sciences. And I teach 

postgraduate students at the Universidad Bolivariana del Ecuador how to use artificial 

intelligence responsibly in their professional work. 

None of that protected me from the feeling. 

The feeling hit me when I asked an AI system to summarize one of my own papers 

and it got the methodology subtly but consequentially wrong—describing a fuzzy TOPSIS 

analysis where I had used a neutrosophic TOPSIS approach. The summary was fluent. 

The citations were formatted correctly. My name was spelled right. And the description 

of my work was wrong in a way that only a specialist would catch. If I had not been the 

author, I would have accepted the summary without question. That experience—the 

experience of being fooled by a machine describing my own work—crystallized 

something I had been thinking about for years. 

The problem is not that AI gets things wrong. Every information source gets things 

wrong. The problem is that AI has no mechanism for signaling when it is on uncertain 

ground. It speaks with the same confidence whether it is retrieving a well-established 

fact or fabricating a plausible-sounding fiction. And no amount of additional training 

data or larger models will solve this, because the problem is not accuracy. It is 

architecture. The machines were built on a logical foundation that has no room for “I 

don’t know.” 

The solution, I realized, was hiding in plain sight—in the mathematical framework 

our co-author Florentin Smarandache created in 1995, and in the philosophical 

traditions of the continent I live on. Neutrosophic logic gives every proposition three 

independent values: Truth, Indeterminacy, and Falsity. The Scholastic philosophers of 

sixteenth-century Salamanca formalized productive doubt three hundred years before 
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probability theory. The Andean civilizations built entire societies on the principle that 

opposites coexist productively rather than resolving into synthesis. These traditions 

converge—with a precision I find astonishing—on a single logical structure that current 

AI systems lack and urgently need. 

This book translates that structure into a practical tool. It gives you three questions 

to ask about any AI output, four zones to map, and a decision framework for knowing 

when to trust, when to investigate, and when to walk away. You do not need a 

mathematics degree. You do not need a philosophy degree. You need twenty minutes and 

the willingness to think differently about what the machine is actually telling you. 

I wrote this book in English first, though Spanish is my working language, because 

the problem is global and the technology industry that needs to hear this argument 

operates primarily in English. A Spanish edition is in preparation. If you are reading this 

in Latin America—in Guayaquil, where I live, or in any of the cities and towns across the 

continent where AI is reshaping professional life—I want you to know that the 

intellectual tools in this book are partly yours. They come from the traditions of this 

continent. They have been marginalized by the very industry they can now improve. This 

book is one step toward changing that. 

The machine will not tell you when it is guessing. After this book, you will not need it 

to. 

 
Maikel Leyva-Vázquez 

Guayaquil, Ecuador 
March 2026 
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P A R T  O N E :  T H E  
P R O B L E M  

 

C H A P T E R  O N E  

The Confident Machine 

“The fundamental cause of the trouble is that in the 
modern world the stupid are cocksure while the 

intelligent are full of doubt.” 

— Bertrand Russell 

On a Wednesday morning in the spring of 2023, in a federal courtroom in lower 

Manhattan, a judge named P. Kevin Castel did something unusual. He asked a 

lawyer to prove that his sources existed. 

The lawyer was Steven Schwartz, a solo practitioner with thirty years of 

experience and a respectable if unremarkable career in personal injury law. His 

client, Roberto Mata, had been injured on an Avianca Airlines flight when a metal 

serving cart struck his knee. It was the kind of case Schwartz had handled 

hundreds of times. Straightforward. Routine. Nothing about it should have ended 

up in the news1. 

But Schwartz had done something new. Facing a tight deadline and an 

unfamiliar area of jurisdictional law, he had turned to a tool that millions of 

professionals were beginning to adopt: ChatGPT. He asked the chatbot to find 

relevant case precedents supporting his argument that the statute of limitations 

should not bar his client’s claim. ChatGPT obliged. It returned six cases, complete 

 
1 In June 2023, Judge P. Kevin Castel of the Southern District of New York sanctioned attorney 
Steven Schwartz and his colleague Peter LoDuca for submitting a legal brief in Mata v. Avianca, 
Inc. (No. 22-cv-1461, S.D.N.Y.) containing six fabricated case citations generated by ChatGPT. 
The AI had invented case names, docket numbers, judicial opinions, and even plausible-sounding 
legal reasoning — all entirely fictional. The court imposed a $5,000 fine on each attorney. See 
Mata v. Avianca, Inc., No. 22-cv-1461, 2023 WL 4114965 (S.D.N.Y. June 22, 2023). 
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with citations, docket numbers, and brief summaries of their holdings. The cases 

looked perfect. They said exactly what Schwartz needed them to say. 

There was only one problem. None of them were real. 

Not one of the six cases existed in any legal database. The names were 

plausible—Petersen v. Iran Air, Martinez v. Delta Airlines, Varghese v. China 

Southern Airlines—the kind of names that sound exactly like the cases you’d 

expect to find in aviation personal injury law. The citations followed proper 

formatting. The holdings were coherent. But the cases themselves were pure 

invention, generated by a system that had learned to produce text that looks and 

feels like legal research without any mechanism for checking whether that text 

refers to anything real. 

When opposing counsel flagged the fabricated citations, Judge Castel ordered 

Schwartz to appear in court and explain. The transcript of that hearing is painful 

to read. Schwartz, visibly distressed, told the judge he had never used ChatGPT 

before. He said he had asked the chatbot specifically whether the cases were real. 

ChatGPT had assured him they were. He had asked it to double-check. It 

confirmed them again. He had even asked it to provide the full text of one of the 

opinions. ChatGPT generated a multi-page opinion, with a fabricated judge’s 

name, fabricated reasoning, and fabricated legal language—all internally 

consistent, all completely made up. 

Schwartz was sanctioned. His reputation was destroyed in a news cycle. He 

became, overnight, the cautionary tale that every law firm partner invoked when 

warning associates about artificial intelligence. But the deeper scandal—the one 

that should have kept everyone in technology awake at night—was not that a 

lawyer trusted a chatbot. It was that the chatbot had no way to signal that it was 

guessing. 

Think about that for a moment. Schwartz did not blindly paste the AI’s output 

into his brief. He did something that, in any other context, would be considered 

responsible: he asked the tool to verify its own work. He asked it twice. He asked 
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it to produce the full text of a ruling so he could read it himself. At every step, the 

machine confirmed its fabrications with additional fabrications, building a 

recursive tower of falsehood with perfectly formatted brickwork. Schwartz’s real 

mistake was not laziness or incompetence. His mistake was assuming that a 

system capable of producing confident answers must also be capable of 

recognizing when those answers are unreliable. That assumption was wrong—and 

it is the same assumption that hundreds of millions of professionals are making 

every single day. 

At no point in the exchange did ChatGPT hedge. It did not say “I’m not certain 

these cases exist.” It did not say “I cannot verify legal citations.” It did not say 

“You should double-check these in Westlaw.” It produced fabricated precedents 

with the same syntactic confidence it uses to tell you the boiling point of water or 

the capital of France. The machine spoke with absolute authority about things it 

had invented from whole cloth. And when asked to verify its own fabrications, it 

verified them—confidently, articulately, and completely falsely. 

This is the story that launched a thousand op-eds about “AI hallucination.” 

But most of those op-eds missed the real point. The problem is not that the 

machine sometimes gets things wrong. Humans get things wrong all the time. 

The problem is that the machine has no mechanism—none whatsoever—for 

distinguishing between what it knows, what it doesn’t know, and what it has 

fabricated. The machine cannot say “I don’t know.” Not because it’s been 

forbidden from saying it, but because the very architecture of how it works makes 

that sentence structurally impossible. 

This book is about that impossibility. And about how to fix it. 

But first, We want to make clear that the Schwartz case is not an isolated 

incident. It is not even a particularly unusual one. In the months following that 

courtroom debacle, similar cases surfaced across the legal profession worldwide. 

A Canadian lawyer was cited for submitting AI-generated cases that did not exist. 

A Colorado attorney was disciplined for the same. In England, a law firm 

discovered that an associate had used an AI tool to draft a brief that cited a 
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European Court of Human Rights ruling that had never been issued. In each case, 

the pattern was identical: the AI generated plausible-sounding legal references, 

the lawyer trusted them because they looked right, and the fabrication was only 

caught when someone—a judge, opposing counsel, a supervisor—took the trouble 

to verify. The verification was easy. The problem was that the AI gave no signal 

that verification was necessary. 

And the phenomenon extends far beyond law. In academic publishing, a 

growing number of submitted manuscripts contain AI-generated citations to 

papers that do not exist—some with invented authors, invented journals, and 

invented DOI numbers. In journalism, at least two major outlets have quietly 

retracted AI-assisted articles that contained fabricated quotes attributed to real 

people. In customer service, companies have discovered that their AI chatbots 

were inventing return policies, warranty terms, and product specifications that 

had no basis in company documentation. Each of these is a Schwartz case in 

miniature: a confident machine producing authoritative-sounding fiction that no 

one thought to check because the fiction was indistinguishable from fact. 

•    •    • 

The Architecture of Overconfidence 

To understand why AI cannot say “I don’t know,” you need to understand, at a 

very basic level, what it actually does when it answers a question. You don’t need 

a computer science degree for this. You need a single metaphor. 

Imagine a person who has read every book in the world’s largest library—

billions of pages of text—but who has never stepped outside the library. This 

person has never seen a sunset, never touched a cat, never been to a courtroom. 

Everything they know about sunsets, cats, and courtrooms comes from 

descriptions written by other people. Now you ask this person a question: “What 

happens when you drop a glass on a tile floor?” 
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The person hasn’t dropped a glass in their life. But they’ve read thousands of 

descriptions of glass breaking. They’ve read physics textbooks, novels with 

dramatic scenes, cleaning product advertisements. From all of this, they can 

construct a perfectly plausible answer: “The glass shatters into pieces. The sound 

is sharp and sudden. You should be careful of the shards.” The answer is correct. 

But the person didn’t arrive at it through experience or understanding. They 

arrived at it through pattern matching across a vast corpus of text. 

Now ask the same person: “What happens when you drop a glass on a 

trampoline?” 

This scenario appears less frequently in the library. The person has fewer 

patterns to draw from. But they cannot say “I’m not sure—I don’t have enough 

information about this.” That kind of self-assessment requires a capacity the 

person doesn’t have: awareness of the boundaries of their own knowledge. 

Instead, they do what they always do—they find the closest patterns and 

construct a plausible answer. Maybe they blend what they know about glasses 

with what they know about trampolines and produce something that sounds 

reasonable but might be wrong. They deliver this blended answer with the same 

confidence as the glass-on-tile answer, because their method of generating 

answers doesn’t distinguish between well-supported and poorly-supported 

responses. Every answer is just the most probable next word. 

This is, in essence, how a large language model works. Systems like GPT-4, 

Claude, Gemini, and their successors are trained on enormous datasets of text—

hundreds of billions of words from books, websites, academic papers, forums, 

social media, legal filings, medical records, and more. During training, the model 

learns statistical patterns: given a sequence of words, what word is most likely to 

come next? The training objective is prediction, not truth. The model that best 

predicts the next token in a sentence gets the highest score, regardless of whether 

the sentence it’s completing is factually accurate. 

This architecture has a profound consequence that most users never consider. 

When ChatGPT tells you “The Treaty of Westphalia was signed in 1648,” it is not 
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retrieving a fact from a database. It is generating the most statistically probable 

continuation of your prompt, given everything it learned during training. The fact 

that this continuation happens to be correct is a happy coincidence of the training 

data, not a product of the model “knowing” the answer. And when the model tells 

you about a case called Petersen v. Iran Air, it is doing the exact same thing: 

generating the most statistically probable continuation. The fact that this 

continuation happens to be false is not a different process. It is the same process 

with a different outcome. 

Here is the key insight, and we want you to sit with it for a moment: the model 

uses the same mechanism to produce true statements and false statements. There 

is no internal switch that flips between “reliable mode” and “guessing mode.” 

There is no red light that blinks when the model crosses from knowledge into 

invention. From the model’s perspective—if we can even speak of a perspective—

every output is equally generated. The confidence you hear in the tone of the 

response is a property of the language, not of the knowledge. Fluency is not 

accuracy. Eloquence is not evidence. 

Let us make this concrete. Open any AI chatbot right now and ask it two 

questions. First: “What is the capital of Ecuador?” It will say “Quito.” Correct, 

delivered smoothly, in a clean sentence. Now ask: “What was the ruling in the 

2019 case of Fernández v. Austral Airlines regarding in-flight medical liability 

under Ecuadorian civil code Article 2229?” There is a reasonable chance the 

model will produce a detailed, confident answer—complete with a plausible 

judicial reasoning—even if no such case exists. And the tone of that second 

answer will be identical to the tone of the first. The same calm authority. The 

same clean grammar. The same absence of hesitation. Your only clue that 

something might be wrong is the specificity of the question, and you would need 

domain expertise to know that the specificity itself is a red flag. 

Some readers might object: “But the models are getting better. GPT-4 

hallucinates less than GPT-3.5. Next year’s model will hallucinate even less.” This 

is true in a narrow statistical sense. The rate of fabrication has declined with each 
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generation. But the rate is not the problem. The problem is the signal. A model 

that hallucinates 5% of the time instead of 20% is genuinely better—but it is also 

more dangerous, because users trust it more. When a tool is right 95% of the 

time, people stop checking. They develop a confidence in the tool that the tool’s 

architecture does not warrant. The remaining 5% of errors become invisible 

precisely because the other 95% trained the user to stop looking. 

This is what we call the architecture of overconfidence. It is not a bug that will 

be patched in the next version. It is a structural feature of how these systems 

work. As long as the training objective is “predict the next word,” the system will 

produce plausible-sounding text whether or not the underlying claims are true. 

And as long as the output format is natural language delivered in a uniform tone 

of authority, the user will have no reliable way to distinguish truth from 

fabrication by reading the response alone. 

You might have heard that newer AI systems solve this problem through a 

technique called retrieval-augmented generation, or RAG2. Instead of relying 

solely on what the model memorized during training, RAG systems look up 

relevant documents in real time and ground their answers in retrieved text. This 

is a genuine improvement. But it does not eliminate the fundamental problem—it 

shifts it. Now, instead of asking “Did the model learn this correctly?” you must 

ask “Did the model retrieve the right documents? Did it interpret them correctly? 

What if the retrieved documents contradict each other?” The model still has no 

mechanism for telling you when its retrieved sources are in conflict, when the 

retrieval missed a crucial document, or when the question falls outside the scope 

of the available evidence. The uniform tone of authority persists. The missing 

signal persists. The architecture of overconfidence adapts to the new pipeline and 

survives intact. 

 
2 Lewis, P. et al., "Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks," 
Advances in Neural Information Processing Systems (NeurIPS), vol. 33, 2020, pp. 9459–9474. 
RAG combines a neural retriever (which selects relevant documents from a corpus) with a 
sequence-to-sequence generator (which produces the final output). While RAG reduces 
fabrication compared to purely parametric models, it introduces new failure modes: retrieval 
gaps, source conflicts, and context window limitations. 
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•    •    • 

Not All Errors Are Equal 

Once you understand the architecture of overconfidence, you might be tempted 

to conclude that AI is simply unreliable and should not be trusted. That 

conclusion is wrong, and it is just as dangerous as blind trust. Billions of people 

use these systems every day, and most of the time, the outputs are useful, 

accurate, and genuinely helpful. The question is not whether to use AI. The 

question is how to know when it’s working and when it’s not. 

To answer that question, you need to understand that AI errors are not all the 

same. Just as a doctor distinguishes between a cold and pneumonia even though 

both involve coughing, you need to distinguish between different types of AI 

failure, because each one requires a different response. 

The first type is fabrication. This is what happened in the Schwartz case: the 

model invents something that does not exist and presents it as fact. Fabrications 

are the most dramatic form of AI error, and they get the most media attention, 

but they are not necessarily the most dangerous. A fabricated legal citation can be 

checked in ten minutes. A fabricated statistic can be verified against the source. 

The danger of fabrication is not that it’s undetectable—it’s that it’s unexpected. 

We don’t expect a machine that sounds authoritative to be making things up, so 

we don’t check. The psychological contract between user and tool is that the tool 

retrieves; the Schwartz case revealed that the tool generates, and it generates 

without boundaries. 

The second type is distortion. This is subtler and far more common. The 

model takes a real fact and warps it—sometimes slightly, sometimes dramatically. 

A study that found “moderate evidence of benefit in a specific population” 

becomes “strong evidence of universal benefit.” A historical event that unfolded 

over three years gets compressed into a single dramatic moment. The politician’s 

nuanced position gets flattened into a caricature. I once asked a well-known 

chatbot to summarize a paper I had co-authored. It got the title right. It got my 
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name right. It got the journal right. But it described the methodology as “a fuzzy 

TOPSIS analysis” when the paper actually used a neutrosophic TOPSIS 

approach—a meaningful technical distinction that changes the interpretation of 

the results entirely. To a non-specialist, the summary looked perfect. To someone 

who knew the paper, it was subtly but consequentially wrong. Distortions are 

harder to catch than fabrications because they contain enough truth to feel right. 

You would need to read the original source carefully to notice what was changed. 

Most people don’t. 

The third type is conflation. The model merges two true things into one false 

thing. A real author gets paired with a book they didn’t write. A real drug gets 

paired with an indication it wasn’t approved for. A real company gets paired with 

a financial result from a different quarter. Each ingredient is real; the 

combination is not. Conflations are particularly insidious because fact-checking 

the individual components will return positive results. The author exists. The 

book exists. The drug is real. The company is real. It’s only the connection 

between them that is false. You have to check the relationship, not just the 

entities. This is, not coincidentally, the hardest kind of error for automated fact-

checking systems to catch, because automated fact-checking tends to verify 

entities independently. 

The fourth type—and the one this book is most concerned with—is what I call 

confident ignorance. This is when the model doesn’t have reliable information 

about a topic but produces a response anyway, without any signal that it’s 

operating outside its zone of competence. Ask a current model about a recent 

event it wasn’t trained on, and it won’t say “I don’t have information about this.” 

It will construct something. Ask it about an obscure specialist topic, and it won’t 

say “This is outside my expertise.” It will produce a plausible-sounding answer 

that may or may not bear any relationship to reality. 

Let me give you an example that haunts me. A colleague in public health told 

me she had asked an AI chatbot about the prevalence of a specific parasitic 

disease in a remote province of Ecuador. The chatbot produced a detailed 
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response: an estimated prevalence rate, a citation to what appeared to be a World 

Health Organization report, and three recommendations for intervention. My 

colleague was impressed—until she tried to find the WHO report. It did not exist. 

The prevalence rate was invented. And two of the three intervention 

recommendations were inappropriate for the disease in question, apparently 

borrowed from the AI’s training data about a different parasite with a similar 

name. Every element of the response was wrong. And every element was 

delivered with the tone and formatting of an authoritative public health briefing. 

If my colleague had been less experienced, or less careful, that fabricated data 

could have shaped a real intervention in a real community. 

Confident ignorance is the most dangerous type of error because it is the 

hardest to detect from the outside. Fabrications can be caught with a database 

check. Distortions can be caught by reading the original source. Conflations can 

be caught by verifying relationships. But confident ignorance looks exactly like 

genuine knowledge. The syntax is the same. The tone is the same. The structure is 

the same. The only difference is that, somewhere in the invisible machinery of the 

model, the statistical patterns that produced the answer were thin, sparse, or 

contradictory—and the model had no way to tell you that. 
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Figure 1.1. Typological matrix of AI errors based on detectability and severity. 

Confident Ignorance (top-right) is the most dangerous type because it produces no signal 

that verification is necessary. 

 

This is the core problem. And it is not a problem that better training data will 

solve, because the issue is not the quantity of data but the absence of a 

mechanism for the model to represent its own uncertainty. The model has no 

internal variable for “I don’t know.” It has no equivalent of the feeling you get 
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when someone asks you a question and you sense, before you even formulate an 

answer, that you’re on shaky ground. That metacognitive signal—the awareness 

of the limits of your own knowledge—is precisely what these systems lack. 

•    •    • 

The Human Mirror 

It would be comforting to think that this is purely a machine problem—a 

technical limitation that clever engineers will eventually solve. But the harder 

truth is that AI’s overconfidence is a mirror of our own. 

 

Figure 1.2. Daniel Kahneman (1934–2024), Nobel laureate in Economics (2002) and 

author of Thinking, Fast and Slow. Kahneman's concept of WYSIATI — What You See Is 

All There Is — describes the same cognitive architecture that makes AI overconfidence so 

dangerous: the mind constructs coherent stories from incomplete information without 

flagging what is missing. Photograph: Wikimedia Commons (CC BY-SA 2.0). 

Daniel Kahneman, the Nobel laureate psychologist, spent decades 

documenting a phenomenon he called WYSIATI: What You See Is All There Is. 

Kahneman showed that the human mind constructs coherent stories from 

whatever information is available, without accounting for what’s missing. If you 

hear three facts about a job candidate, your mind builds a complete picture of 

that person—confidently, automatically, without flagging that there are a 
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thousand relevant facts you don’t have. The story feels complete because it’s 

coherent, not because it’s comprehensive. 

Kahneman described an experiment that illustrates this beautifully. 

Participants were shown a description of a person named Steve: “meticulous, 

detail-oriented, organized, shy.” They were asked to guess Steve’s profession. 

Overwhelmingly, they said librarian. But the base rate of librarians in the general 

population is tiny compared to, say, farmers or salespeople, many of whom share 

those traits. The participants ignored the base rate because the description was 

coherent. The story felt right. The feeling of coherence masqueraded as evidence, 

and no one’s mind raised a flag saying “You’re missing important information 

here.”3 

Sound familiar? It should. WYSIATI is the human version of the same 

architectural flaw that afflicts large language models. The model constructs 

coherent text from whatever patterns are available in its training data, without 

any mechanism for flagging what’s absent. The human constructs coherent 

beliefs from whatever information is available in memory, without any 

mechanism for flagging what’s missing. In both cases, coherence is mistaken for 

completeness. Fluency is mistaken for knowledge. Confidence is mistaken for 

accuracy. 

This parallel is not a coincidence. Large language models were trained on 

human-generated text, and human-generated text is produced by minds that 

suffer from WYSIATI. The training data is saturated with confident assertions, 

clean narratives, and authoritative tones, because that is how humans write. 

Academic papers present conclusions with certainty. News articles deliver 

verdicts. Business reports project confidence. The models learned to write like 

 
3 The "Steve" example appears in Kahneman, D., Thinking, Fast and Slow (New York: Farrar, 
Straus and Giroux, 2011), as an illustration of base-rate neglect via the representativeness 
heuristic. The heuristic itself was first formally described in Tversky, A. and Kahneman, D., 
"Judgment Under Uncertainty: Heuristics and Biases," Science, vol. 185, no. 4157, 1974, pp. 1124–
1131, where similar examples (including "Tom W.") are used. The core finding: when a personality 
description matches a stereotype, people ignore the statistical base rate of that profession in the 
population — precisely the same error AI systems make when they prioritize pattern-matching 
over frequency data. 
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humans write—and humans write with far more confidence than their knowledge 

warrants. 

But the parallel goes deeper than training data. It extends to the institutional 

and cultural structures in which both humans and AI operate. Consider the 

incentives. In most professional environments, uncertainty is punished and 

confidence is rewarded. The consultant who says “I’m not sure—we need more 

data” loses the contract to the one who says “Here’s the answer.” The doctor who 

says “This could be several things; let’s run more tests” is perceived as less 

competent than the one who gives a quick diagnosis. The analyst who writes “The 

outlook is unclear” gets a worse performance review than the one who writes “We 

project 15% growth.” 

We have built institutions that systematically reward false certainty and 

punish honest uncertainty. And then we built machines that replicate this pattern 

at scale. AI’s inability to say “I don’t know” is not just a technical limitation. It is a 

cultural inheritance. The machine is confident because we trained it on a 

civilization that prizes confidence above almost everything else. 

There is a deeper irony here. The one domain where humans have learned to 

manage uncertainty systematically is science. The scientific method is, at its core, 

a protocol for being honest about what you don’t know. Hypotheses are tentative. 

Results come with confidence intervals. Conclusions are hedged with caveats. 

Peer review exists precisely to catch overconfidence. But even within science, the 

publication system rewards certainty: positive results get published; null results 

don’t. Bold claims get citations; careful hedging gets ignored. And it is the 

published, citation-optimized, certainty-amplified text of science that forms a 

major part of the training data for large language models. The machine learned 

science not as it is practiced—with doubt, revision, and uncertainty—but as it is 

published—with confidence, clean narratives, and definitive conclusions. 

This means that fixing the machine is necessary but not sufficient. Even if we 

build AI systems that can express uncertainty—and this book will argue that this 

is both possible and urgent—those systems will only be useful if the humans who 
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use them are prepared to hear it. A model that says “I’m 40% confident in this 

answer” is useless to a professional who has been trained to treat uncertainty as 

weakness. The technological fix requires a cognitive and cultural fix alongside it. 

That is what this book offers: not just a way to evaluate AI outputs more 

intelligently, but a way to think about uncertainty itself more honestly. The tools 

come from an unexpected place—not from Silicon Valley, not from the latest 

machine learning conference, but from a philosophical tradition that has been 

grappling with productive doubt, irreducible contradiction, and the coexistence 

of opposites for over five hundred years. 

•    •    • 

The Cost of Not Knowing That You Don’t Know 

The Schwartz case was embarrassing but ultimately contained. A lawyer was 

sanctioned. A legal brief was thrown out. Nobody died. But consider what 

happens when confident ignorance operates in higher-stakes domains. 

In 2024, a team of researchers at Stanford published a study examining the 

use of AI-generated medical advice. They found that large language models, when 

asked clinical questions, produced unsupported medical statements in up to 30% 

of cases, with nearly half of all responses containing at least one claim that could 

not be verified against the cited sources4. This alone is not surprising—no source 

of medical advice is perfect. What was alarming was the finding that the incorrect 

answers were indistinguishable in tone, structure, and apparent confidence from 

the correct ones. A physician reading the AI’s output had no reliable textual 

signal to distinguish a correct diagnosis from an incorrect one. The formatting 

was identical. The citations were formatted the same way. The language was 

equally authoritative. The only way to detect the error was to already know the 

correct answer—which defeats the purpose of consulting the AI in the first place. 

 
4  
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Now scale this problem. Millions of people consult AI chatbots about health 

symptoms every day. Most of them are not physicians. They cannot 

independently verify the medical accuracy of the response. They see confident, 

well-structured text, and they act on it. Some of those actions are harmless. Some 

are not. We do not yet have reliable data on how many clinical decisions have 

been influenced by AI-generated medical advice, but the trajectory is clear: the 

number is growing exponentially, and the quality assurance mechanisms are not 

keeping pace. 

The critical detail that most discussions of AI in healthcare miss is this: the 

problem is not just wrong answers. It is the absence of any signal about the 

quality of the answer. A well-trained physician, when uncertain, will say 

something like: “This could be X, but it could also be Y. I’d like to run some 

additional tests before we commit to a treatment plan.” That sentence contains 

enormously valuable information. It tells the patient that the situation is 

uncertain, that multiple hypotheses are in play, and that more evidence is needed 

before acting. The AI equivalent of this physician does not say that. It picks the 

most probable diagnosis and delivers it cleanly. The uncertainty that the 

physician would have surfaced—which might have prompted additional testing 

and caught a misdiagnosis—is silently discarded by the architecture. 

Or consider the domain of public policy. Government agencies around the 

world are beginning to use AI for everything from drafting regulations to 

analyzing public comments to forecasting economic trends. In each of these 

applications, the AI produces output that is formatted like expert analysis: clean 

paragraphs, structured arguments, apparent citations. Policymakers read these 

outputs and incorporate them into decisions that affect millions of people. When 

the AI is right, this is a remarkable efficiency gain. When the AI is wrong, the 

error propagates through the entire policy apparatus with no natural correction 

mechanism, because the error arrived dressed in the same authoritative clothing 

as the truth. 
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The financial sector offers perhaps the most vivid illustration. Investment 

firms now routinely use AI to generate market analyses, evaluate companies, and 

even draft the narratives that accompany investment recommendations. A 

portfolio manager told me—off the record, because no firm wants this known 

publicly—that his team had discovered three instances in a single quarter where 

AI-generated research notes contained fabricated earnings figures for real 

companies. The figures were plausible. The formatting was perfect. The 

companies were real. But the numbers were invented. The notes had been 

circulated internally before anyone noticed. “The scary part,” he said, “was that 

two of the three fabricated numbers were close enough to the real ones that no 

one would have caught them without manually checking the SEC filings.” 

These are not hypothetical risks. They are happening now, at scale, in every 

industry that has adopted AI for information work. And the common thread in 

every case is the same: the error was not detected because the machine gave no 

signal that it was uncertain. The fabrication was delivered with the same 

confidence as the fact. The distortion was presented with the same authority as 

the accurate summary. The confident ignorance was indistinguishable from 

genuine knowledge. 

In education, the problem takes a different but equally troubling form. One of 

us (M.L.V.) teaches postgraduate students at a university in Ecuador, and has 

watched the epistemological ground shift under my feet in real time. Students 

submit assignments that are fluent, well-structured, and cite sources that sound 

authoritative. Some of those sources do not exist. But the more concerning 

pattern is not the fabricated citation—it’s the student who used AI to generate a 

“summary” of a methodology they never read, and who now believes they 

understand it because the summary was convincing. The AI’s confident output 

replaced the student’s actual learning. The student doesn’t know that they don’t 

know—because the machine told them they do know, fluently and authoritatively. 

This is confident ignorance propagated through education, and its effects will 

compound for a generation. 
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What unites all of these cases—the courtroom, the hospital, the trading floor, 

the classroom, the government office—is a single structural absence. The machine 

has no way to say: “Stop. I’m on thin ice here. The information I’m about to give 

you is based on sparse patterns, contradictory sources, or extrapolation beyond 

my training. Proceed with caution.” That sentence—which any honest human 

expert would offer in an equivalent situation—is architecturally impossible for the 

machine to generate as a genuine signal rather than as performative text. 

We suspect you have your own version of these stories. If you are reading this 

book, you probably use AI regularly in your work. And if you use it regularly, you 

have almost certainly had the experience of reading an AI-generated response 

that felt authoritative, acting on it, and later discovering that something was off—

a number that didn’t check out, a recommendation that didn’t fit the context, a 

summary that subtly misrepresented the source. You may have shrugged it off as 

a limitation of the technology. You may have told yourself that the next version 

will be better. But the uneasy feeling persisted: how many times has this 

happened without my noticing? 

That feeling—that quiet discomfort, that sense of navigating a world of 

confident statements where you cannot tell the solid ground from the 

quicksand—is the starting point of this book. It is not a feeling to suppress or 

ignore. It is an accurate perception of a real structural problem. And it has a 

solution. Not a perfect solution, not a magic formula, but a practical framework 

that gives you three questions to ask, four zones to map, and a principled way to 

decide when to trust, when to investigate, and when to walk away. 

•    •    • 

The Missing Dimension 

So here is where we stand. We have built extraordinarily powerful machines that 

can process and generate human language at a scale and speed that no individual 

or institution can match. These machines are transforming every profession, 

every industry, every domain of human activity. And they have a fundamental 
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structural flaw: they cannot distinguish between what they know and what they 

are making up. 

The standard response to this problem, in the AI research community, is to 

try to make the machines more accurate. Better training data. Larger models. 

More sophisticated fine-tuning. Retrieval-augmented generation, where the 

model looks up information in real time rather than relying solely on what it 

learned during training. These approaches help. They reduce the rate of 

fabrication. They improve the average quality of responses. But they do not solve 

the core problem, because the core problem is not accuracy. The core problem is 

the absence of self-knowledge. 

Consider an analogy. Imagine you have a colleague who gives you advice on 

every topic you ask about—finance, medicine, law, engineering, cooking, 

parenting—and who is right about 90% of the time. That is a remarkably useful 

colleague. Now imagine that this colleague gives advice on topics they know well 

and topics they know nothing about with exactly the same tone of voice, the same 

confidence, the same absence of hedging. They never say “I’m not sure about this 

one” or “You should get a second opinion.” They never distinguish between a 

subject they studied for years and a subject they heard about once at a dinner 

party. How useful is that colleague now? The 90% accuracy rate is still 

impressive. But the 10% of errors are catastrophically unpredictable, because you 

have no way to know which answers fall in the confident-and-correct category 

and which fall in the confident-and-wrong category. The accuracy rate matters. 

But without a reliability signal, accuracy is not enough. 

Even the most accurate model in the world will sometimes encounter a 

question it cannot reliably answer. The question might be about a recent event 

not in its training data. It might involve a niche specialty where its training 

examples were sparse or contradictory. It might require reasoning about a novel 

combination of known facts. In all of these cases, what the user needs is not a 

better guess. What the user needs is a honest signal that says: “My confidence in 

this response is low. Here’s what I’m relatively sure about, here’s what I’m 
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genuinely uncertain about, and here’s what I’ve found contradictory evidence 

for.” 

That signal requires something that current AI systems do not have: a way to 

represent the space between true and false. 

Western logic—the logical tradition that underlies all of modern computing, 

from the simplest calculator to the most advanced neural network—operates on a 

binary. Every proposition is either true or false. Tertium non datur. The excluded 

middle. This framework, which traces its lineage to Aristotle’s Organon in the 

fourth century BCE5, has served humanity extraordinarily well. It gave us 

mathematics, formal proof, digital circuits, and the architecture of every 

computer ever built. But it has a blind spot that is 2,400 years old: it has no room 

for “I don’t know.” 

In classical logic, “I don’t know” is not a logical value. It is a psychological 

state—something the human experiences but that the formal system cannot 

represent. A proposition is true or it is false. If you don’t know which one it is, 

that’s your problem, not logic’s. The uncertainty lives in your head, not in the 

system. 

This design choice was inherited, without much reflection, by the entire stack 

of modern computing. At the hardware level, every bit is 0 or 1. At the software 

level, every Boolean is true or false. At the AI level, every output is a probability 

distribution over possible tokens, which is then collapsed into a single most-

probable response. At no point in this chain is there a native representation of 

“this is genuinely uncertain” or “the evidence contradicts itself” or “we don’t have 

enough information to answer.” The system can produce any of these sentences 

 
5 The Organon comprises six treatises on logic: Categories, De Interpretatione, Prior Analytics, 
Posterior Analytics, Topics, and Sophistical Refutations. The Law of the Excluded Middle 
(tertium non datur) is first articulated in De Interpretatione, Chapter 9, and defended 
systematically in the Metaphysics, Book IV (Gamma), Chapter 7. This principle — that for any 
proposition p, either p is true or not-p is true, with no third possibility — has been the foundation 
of Western formal logic for 2,400 years and the basis of every digital circuit ever built. 
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as text, of course—but it cannot represent them as internal states that drive its 

behavior. 

Some readers will point out that modern AI systems do assign probabilities to 

their outputs. This is true. A language model assigns a probability to every 

possible next token. But a probability is not the same thing as an uncertainty 

assessment. A probability of 0.7 for a particular token means: “This token is the 

most likely continuation of this sequence, given the patterns in my training data.” 

It does not mean: “I am 70% confident this claim is true.” The distinction is 

critical. Probability in a language model measures statistical likelihood in a text 

corpus. It does not measure correspondence to external reality. A model can 

assign high probability to a false claim simply because that claim appears 

frequently in its training data. And it can assign low probability to a true but 

unusual claim because it rarely appeared in training. The probability score is 

about language patterns, not about truth. 

Fuzzy logic, developed by Lotfi Zadeh in 1965, was an early attempt to go 

beyond the binary. It allows values between 0 and 1, representing degrees of 

truth. This was a genuine advance—it allowed us to model concepts like 

“somewhat tall” or “partially true.” But fuzzy logic still operates on a single 

dimension. It tells you the degree of truth, but it cannot independently represent 

the degree of uncertainty or the degree of contradiction. In fuzzy logic, if T = 0.6, 

then by implication the falsity is 0.4. Truth and falsity are complementary; they 

must sum to one. This means fuzzy logic cannot represent a situation where a 

claim is simultaneously 70% supported by evidence and 50% contradicted by 

other evidence—a situation that happens constantly in medicine, law, policy, and 

every domain where sources disagree. 

This is the missing dimension. And its absence is not inevitable. It is a design 

choice—one made 2,400 years ago and never seriously revisited by the engineers 

who built the digital world6. 

 
6 Smarandache, F., Neutrosophy: Neutrosophic Probability, Set, and Logic (Rehoboth, NM: 
American Research Press, 1998). First formalized in 1995. In neutrosophic logic, every 
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We are at a peculiar moment in the history of technology. The most powerful 

information tools ever created are also the most epistemically opaque. They know 

more than any individual human, but they cannot distinguish between what they 

know and what they are guessing. They can generate language of extraordinary 

sophistication, but they cannot attach to that language a honest accounting of its 

reliability. They are, in the most precise sense of the word, overconfident—and 

their overconfidence is shaping decisions that affect the lives of billions of people, 

in hospitals, courtrooms, schools, and government offices, at a pace that outstrips 

any human capacity for verification. 

Something has to change. Not eventually. Now. 

•    •    • 

What If There Were a Third Answer? 

But what if there were a way to add that missing dimension? What if, instead of 

forcing every claim into True or False, we gave the system three values: how 

much is supported, how much is genuinely unknown, and how much is 

contradicted? What if uncertainty were not a bug to be eliminated but a signal to 

be measured? 

That framework exists. It is called neutrosophic logic, and it was formalized in 

1995 by a Romanian-American mathematician named Florentin Smarandache. In 

his framework, every proposition carries three independent values: Truth (T), 

Indeterminacy (I), and Falsity (F). The three are not required to sum to one. A 

claim can be simultaneously somewhat true and somewhat false—not because the 

system is confused, but because the evidence genuinely points in both directions. 

And a claim can carry a high degree of indeterminacy—not because the system 

failed, but because the honest answer is “we don’t know enough yet.” 

 
proposition receives three independent membership values: T (Truth), I (Indeterminacy), and F 
(Falsity), each in [0, 1]. Unlike fuzzy logic, T + I + F is not constrained to equal 1; it can range 
from 0 to 3. This independence permits paraconsistent states (T + F > 1), paraincomplete states 
(T + F < 1), and the explicit representation of ignorance (high I). Over 3,000 peer-reviewed 
papers have been published using the neutrosophic framework across multiple disciplines. 
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The elegance of this framework is its refusal to collapse complexity into a 

single number. When a standard AI system tells you it is “85% confident” in an 

answer, that number hides everything that matters. Is the confidence high 

because the evidence strongly supports the claim? Or is it high because the model 

found no contradicting evidence—which might simply mean it didn’t look in the 

right places? Is the remaining 15% due to genuine uncertainty (we don’t have 

enough data) or active contradiction (some data points in the opposite 

direction)? An 85% confidence score cannot tell you. A neutrosophic evaluation 

can. If the claim has T=0.85, I=0.10, F=0.05, you are looking at strong support 

with minimal uncertainty and negligible contradiction—go ahead and act on it. 

But if the claim has T=0.85, I=0.40, F=0.55, you are looking at something very 

different: substantial support but also substantial contradiction and high 

uncertainty. The single confidence number would have been the same in both 

cases. The neutrosophic decomposition reveals that they are entirely different 

epistemic situations requiring entirely different decisions. 

This is not a new idea dressed in mathematical clothing. The intuition behind 

it—that reality often resists binary categorization, that contradiction can be 

informative rather than paralyzing, that not-knowing is a legitimate epistemic 

state—has deep roots. It was explored by the Scholastic philosophers of 

Salamanca in the sixteenth century, who developed formal frameworks for moral 

action under genuine uncertainty. It was practiced by the Andean civilizations 

whose concept of yanantin—the complementary coexistence of opposites—

structured their architecture, agriculture, social organization, and cosmology. It 

was articulated by the Aymara sociologist Silvia Rivera Cusicanqui, whose 

concept of ch’ixi describes a state that is simultaneously one thing and another 

without resolving into a blend. 

For five centuries, an entire philosophical tradition has been working with the 

idea that the space between true and false is not empty—it is where the most 

important thinking happens. Now, for the first time, that idea has a mathematical 
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formalization that can be implemented in the machines that are reshaping our 

world. 

This book is about that idea. It is about the third answer: the one that lies 

between yes and no, between true and false, between the confident assertion and 

the blank silence. It is about why AI needs this answer, where it comes from, and 

how you can start using it—Monday morning, in your own work, with the AI tools 

you already have. 

You don’t need to be a mathematician. You don’t need to be a philosopher. 

You need three questions and the willingness to ask them. The questions are 

simple. The implications are vast. And the story of how humanity arrived at them 

is one of the most surprising intellectual journeys you have never heard. 

Along the way, you will meet monks who told an empire its certainty was a lie. 

You will meet indigenous philosophers who built civilizations on the productive 

coexistence of opposites. You will meet a mathematician who gave their 

intuitions equations. And you will meet the most important idea you can carry 

into any meeting, any clinic, any courtroom, any classroom where a machine is 

speaking with authority: the idea that between “yes” and “no,” there is a third 

answer—and it is the one that matters most. 

It begins in a university in Salamanca, in 1539, with a monk who told an 

empire that its certainty was a lie. 
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— End of Chapter One — 

C H A P T E R  T W O  

True, False, and the Third Answer 

“The opposite of a correct statement is a false 
statement. But the opposite of a profound truth 

may well be another profound truth.” 

— Niels Bohr 

In the winter of 2024, a neurologist in São Paulo received two AI-generated 

diagnostic assessments for the same patient. The patient was a sixty-three-year-

old retired schoolteacher named Cláudia, who had come in complaining of a 

tremor in her right hand that had been worsening over the past eight months. 

Her daughter, who had accompanied her to the appointment, was visibly anxious. 

The family had been reading about Parkinson’s disease online and feared the 

worst. 

The neurologist, following his hospital’s new protocol for AI-assisted 

diagnostics, submitted Cláudia’s symptom profile, medical history, and motor 

assessment scores to two different clinical decision support systems. Both were 

powered by large language models fine-tuned on medical literature. Both 

returned their assessments within seconds. 

The first system said: early-stage Parkinson’s disease. It cited the asymmetric 

onset, the resting tremor, and the patient’s age as strongly consistent with 

idiopathic Parkinson’s. It recommended initiating levodopa therapy and 

scheduling a DaTscan to confirm dopaminergic deficit. The assessment was clear, 

structured, and confident. 

The second system said: essential tremor. It cited the same asymmetric onset 

but noted that the tremor was primarily postural, not purely resting. It flagged 

the absence of rigidity and bradykinesia as inconsistent with Parkinson’s. It 
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recommended beta-blocker therapy and a six-month monitoring period. This 

assessment was equally clear, equally structured, and equally confident. 

The neurologist sat with both reports on his screen and faced a problem that 

no medical textbook had prepared him for. He was not looking at one wrong 

answer and one right answer. He was looking at two plausible interpretations of 

ambiguous evidence, each internally coherent, each supported by legitimate 

medical reasoning—and each delivered with identical confidence, as if the other 

assessment did not exist. Neither system acknowledged the other’s conclusion. 

Neither flagged the diagnostic uncertainty. Neither said: “The evidence here is 

genuinely ambiguous. There are reasonable arguments for two different 

diagnoses. Here is what we know, what we don’t know, and where the evidence 

conflicts.” 

That sentence—the one neither system produced—would have been the most 

valuable output either machine could have generated. Not because it would have 

told the neurologist what to do, but because it would have told him where he 

stood: on uncertain ground, where the honest next step was more investigation, 

not premature commitment to either diagnosis. 

The neurologist, being experienced, ordered additional tests. Cláudia’s case 

was eventually resolved—it was, in fact, essential tremor, and she responded well 

to treatment. But the neurologist told one of us something afterward that we have 

not been able to forget. “The problem,” he said, “was not that one system was 

wrong. The problem was that both systems acted as if the question had a clean 

answer. They didn’t disagree with each other—they each pretended the 

disagreement didn’t exist.” 

He paused, then added: “If a junior resident had given me two confident 

diagnoses like that without mentioning the uncertainty, I would have sent them 

back to study the case again. But the machine doesn’t know it needs to study the 

case again. It doesn’t know that the case is hard.” 
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This chapter is about why the case is hard—not just for AI, but for the entire 

logical tradition on which AI was built. And it is about what happens when you 

give the system a way to represent the hardness. 

Cláudia’s story is not exceptional. Variations of it are playing out in hospitals, 

law firms, financial institutions, and government agencies every day. Two AI 

systems—or one AI system asked twice—produce different answers to the same 

question. Or one system produces a single confident answer that masks genuine 

ambiguity. The user, confronted with confidence, acts on it. Sometimes the 

outcome is fine. Sometimes it is not. And the user never knows, at the moment of 

decision, which kind of situation they are in, because the system provides no 

signal. 

But what if it could? What if, instead of two competing confident answers, the 

neurologist in São Paulo had received a single assessment that said: “The 

evidence moderately supports Parkinson’s (T = 0.55). Significant diagnostic 

uncertainty remains due to the ambiguous tremor characteristics (I = 0.45). 

There is also moderate support for an alternative diagnosis of essential tremor (F 

= 0.50). Recommendation: additional testing before initiating treatment.” That 

assessment would have been less dramatic than either of the two confident 

diagnoses. It also would have been more honest, more useful, and more aligned 

with the actual state of medical knowledge about Cláudia’s condition. The 

neurologist would have reached the same conclusion he reached on his own—

order more tests—but he would have reached it faster, with the system’s help 

instead of despite the system’s overconfidence. 

To build a system capable of that kind of honesty, we need to understand what 

it lacks. And what it lacks is not more data or better training. What it lacks is a 

third logical value. 

•    •    • 

The Tyranny of the Binary 
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The logical tradition that runs beneath all of modern computing traces its lineage 

to a single idea, articulated by Aristotle in the fourth century BCE and formalized 

in his Organon: every meaningful proposition is either true or false. There is no 

third option. Tertium non datur—the excluded middle. 

This principle has been spectacularly productive. It gave us deductive proof, 

formal mathematics, Boolean algebra, digital circuits, and the entire 

computational infrastructure of the modern world. Every transistor in every 

device you own operates on this principle. Every line of code ever written, in 

every programming language, ultimately reduces to binary operations: 0 or 1, 

true or false, on or off. The excluded middle is not just a philosophical position. It 

is the physical foundation of the information age. 

And for an enormous range of problems, it works beautifully. Is this number 

prime? Yes or no. Does this patient have a genetic marker for BRCA1? Present or 

absent. Did the transaction clear? Approved or declined. For questions with 

determinate answers, binary logic is not just sufficient—it is elegant, powerful, 

and indispensable. 

But notice what happens when you move from determinate questions to the 

kind of questions that actually dominate professional life. Is this investment 

sound? Is this patient’s diagnosis Parkinson’s? Is this policy effective? Is this legal 

argument persuasive? Should we launch this product? Is this student’s essay 

plagiarized? These are not questions with clean binary answers. They are 

questions where the evidence is incomplete, where sources conflict, where the 

answer depends on context, where reasonable experts disagree, and where the 

honest response often begins with “It depends” or “We don’t have enough 

information yet.” 

Binary logic has no native way to represent any of this. In the binary 

framework, every proposition must ultimately resolve to true or false. If you don’t 

know whether it’s true, that’s treated as your problem—an epistemological 

limitation of the observer—not as a property of the proposition itself. The 
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uncertainty lives in your head, not in the system. The logic itself has no room for 

“undetermined,” “ambiguous,” “contested,” or “insufficent evidence.” 

This works fine when the observer has time, resources, and expertise to 

resolve the uncertainty independently. A scientist can run another experiment. A 

judge can request more evidence. A doctor can order more tests. But what 

happens when the observer is not a human with judgment but a machine that 

must produce an output? The machine cannot say “I need to think about this 

more.” The machine cannot say “This is a harder question than it looks.” The 

machine must produce a response, and the response must take a form—and the 

only form available, in a binary architecture, is one that sounds like it has 

resolved the question, even when it hasn’t. 

This is not a failure of any particular AI system. It is a limitation inherited 

from 2,400 years of logical architecture. The AI is confident because the logic 

beneath it has no vocabulary for doubt. 

We want to be precise about what we mean here, because the implications are 

enormous. We are not saying that Aristotle was wrong. For the class of problems 

where propositions have determinate truth values, the excluded middle is not just 

useful—it is necessary. You cannot build a bridge with fuzzy arithmetic. You 

cannot compile software with maybe-true Boolean operations. You cannot prove 

a theorem if the conclusion might be neither true nor false. Binary logic earned 

its dominance. It earned it by being spectacularly effective at the things it was 

designed for. 

What we are saying is that we took a tool designed for determinate problems 

and applied it, without modification, to the entire landscape of human 

knowledge—including the vast territories where determinacy does not hold. We 

applied it to medicine, where evidence is perpetually incomplete and competing 

hypotheses coexist for decades. We applied it to law, where “reasonable doubt” is 

a formal concept precisely because certainty is unattainable. We applied it to 

policy, where every intervention has supporters and opponents armed with 

contradictory data. And then we encoded this tool into the silicon foundations of 
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our digital infrastructure and asked it to handle queries from every domain of 

human concern. The result is a global information system that processes 

uncertainty by pretending it does not exist. 

You see this in everyday language. When someone says “the science is 

settled,” they are invoking the binary—this is true, the debate is over. When 

someone says “that claim has been debunked,” they are invoking the binary—this 

is false, the discussion is closed. But very little in the domains where these 

phrases are most often used—nutrition, climate policy, economic forecasting, 

medical treatment—is ever fully settled or fully debunked. There is supporting 

evidence, there is contradicting evidence, and there are open questions. The 

binary gives us no way to say this. So we shout “true” or “false” at each other 

across the void where nuance used to live. 

•    •    • 

The Space Between True and False 

Here is something that will seem obvious once I say it, but that the history of 

Western logic has worked very hard to deny: the space between true and false is 

not empty. It is full. It is, in many domains, where most of the interesting and 

consequential information lives. 

Consider a concrete example. You ask an AI system: “Is coffee good for your 

health?” If you forced this question into a binary framework, you would need to 

answer yes or no. But the honest answer is something like: there is substantial 

evidence that moderate coffee consumption is associated with reduced risk of 

type 2 diabetes and certain neurodegenerative diseases (this is partly true). There 

is also evidence that coffee can exacerbate anxiety, disrupt sleep, and increase 

blood pressure in sensitive individuals (this is partly false—or rather, partly true 

in the opposite direction). And there are significant open questions about long-

term effects, dose-response relationships, and genetic variation in caffeine 

metabolism (this is genuinely uncertain—the data does not yet exist to resolve 

these questions definitively). 
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Notice what happened. The honest answer required three independent 

dimensions, not one. It required a measure of how much is supported (the health 

benefits are real and well-documented). It required a measure of how much is 

contradicted (the risks are also real, and they point in the opposite direction). 

And it required a measure of how much is genuinely unknown (the open 

questions that no amount of current evidence can resolve). These three 

dimensions are not reducible to each other. Knowing that the benefits are well-

documented does not tell you about the risks. Knowing the risks does not tell you 

about the open questions. You need all three to understand where you actually 

stand. 

 

This is the core insight of this book, and it is the idea that will change how you 

evaluate every AI output from this point forward. we want to state it as plainly as 

we can: 

Every claim—from an AI system, from an expert, from a news 

article, from your own reasoning—has three independent 

dimensions. How much is supported. How much is genuinely 

unknown. How much is contradicted. These three dimensions are the 

Third Answer. 

The idea was formalized by one of us (F.S.) in 1995, in a framework called 

neutrosophic logic in 1995, in a framework he called neutrosophic logic. But the 

intuition behind it is far older than 1995, and far older than Aristotle. It appears, 

in different guises, in intellectual traditions across the world and across 

centuries—traditions that we will explore in the next two chapters. For now, let 

me give you the framework in its simplest form, the form you will carry with you 

for the rest of this book and, I hope, for the rest of your professional life. 

•    •    • 

The Compass 
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Imagine you are holding a compass. Not a magnetic compass that points north, 

but an epistemic compass—one that tells you where you stand relative to 

knowledge. This compass has three needles, not one. Each needle moves 

independently of the others. And together, they give you a reading of your 

epistemic position: how much you know, how much you don’t know, and how 

much of what you know conflicts with itself. 

The first needle is Truth (T). It measures the degree to which a claim is 

supported by evidence, reasoning, or reliable sources. When T is high, you are 

standing on solid ground. The evidence points in a clear direction. Sources agree. 

The reasoning is coherent. A high T does not mean the claim is certainly true—

certainty is a much higher bar—but it means the weight of available evidence 

favors it. 

The second needle is Indeterminacy (I). It measures the degree to which the 

claim involves genuinely unknown or unresolvable elements. When I is high, you 

are standing in fog. The data does not exist yet. The relevant studies have not 

been conducted. The situation is too novel to have precedents. A high I is not a 

failure of research—it is an honest acknowledgment that some questions do not 

yet have answers. And it is, critically, a signal that you should seek more 

information before acting, not that you should default to the most confident-

sounding response available. 

The third needle is Falsity (F). It measures the degree to which the claim is 

contradicted by evidence, reasoning, or reliable sources. When F is high, you are 

standing in a crossfire. There is specific, identifiable evidence or reasoning that 

points against the claim. F is not the absence of T—that would just be low T. F is 

the active presence of counter-evidence. It means something is pushing back. 

Here is the feature that makes this compass fundamentally different from any 

other framework you have encountered: the three needles are independent. They 

do not need to add up to one. They do not need to add up to anything. 
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In classical logic and in fuzzy logic, truth and falsity are complementary. If 

something is 70% true, it is 30% false. They are two ends of a single seesaw. But 

this is not how knowledge works in the real world. In the real world, a claim can 

be simultaneously well-supported (T = 0.7) and well-contradicted (F = 0.5) 

because different sources point in different directions. The coffee example is 

exactly this: the health benefits are well-documented AND the health risks are 

well-documented. These are not partial truths that sum to one. They are 

independent dimensions of a complex reality. 

And in the real world, a claim can carry high indeterminacy even when both T 

and F are significant, because there are open questions that neither the 

supporting nor the contradicting evidence addresses. The long-term genetic 

factors in caffeine metabolism are genuinely unknown—that I does not go away 

just because T and F are both informative. 

This independence is the radical move. It is what separates this framework 

from probability (which gives you one number), from fuzzy logic (which gives you 

one number on a continuum), and from Bayesian reasoning (which updates one 

number as evidence arrives). The compass gives you three numbers, and the 

relationship between them is where the real information lives. 

We want to draw your attention to one particular consequence of this 

independence, because it is the most counterintuitive feature of the compass and 

also the most powerful. In classical logic and in fuzzy logic, T + F must equal 1. If 

something is 70% true, it is 30% false. No exceptions. But in the T-I-F compass, T 

+ F can be greater than 1. A claim can have T = 0.7 and F = 0.6 simultaneously. 

This is not a mathematical error. It is a faithful representation of a real epistemic 

condition that occurs constantly in professional life: a claim that is substantially 

supported by evidence AND substantially contradicted by other evidence, at the 

same time. 

Logicians call this paraconsistency—the formal capacity to hold contradictory 

information without the system collapsing. In classical logic, a single 

contradiction destroys everything: from a contradiction, you can derive any 
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conclusion whatsoever (this is the principle of explosion, or ex contradictione 

quodlibet). This means classical logic must either resolve every contradiction 

immediately or pretend it does not exist. The T-I-F compass does neither. It 

holds the contradiction as information—structured, measured, and actionable. 

The contradiction does not break the system. It reveals the landscape. 

This is why the compass is not just a different way of saying the same thing as 

probability. It is a fundamentally different model of what knowledge looks like. 

Probability says: everything resolves to a single point on a line. The compass says: 

knowledge is a position in a three-dimensional space, and some of the most 

important positions are the ones where you are being pulled in multiple 

directions at once. Those positions require different decisions than the positions 

where everything points the same way. And collapsing them into a single number 

destroys exactly the information you need most. 

•    •    • 

The Four Zones 

Once you have the three needles, something powerful happens: every AI output—

every claim, every recommendation, every diagnosis, every summary—falls into 

one of four zones. And the zone tells you what to do. 

The first zone is Consensus. This is where T is high, I is low, and F is low. The 

evidence supports the claim. There is little genuine uncertainty. There is 

negligible counter-evidence. Sources agree. The ground is solid. When you are in 

the Consensus zone, the appropriate response is to trust the output and act on it. 

Not blindly—you still exercise professional judgment—but with reasonable 

confidence that the information is reliable. 

An example: you ask an AI system for the boiling point of water at sea level. T 

is very high (this is one of the most well-established facts in physical science). I is 

negligible (there are no meaningful open questions). F is negligible (no credible 

counter-evidence exists). You are in Consensus. Trust it. 
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The second zone is Ambiguity. This is where I is high, while T and F are both 

low or moderate. The evidence is sparse. The question is too new, too niche, or 

too complex for the available data to resolve. You are in fog—not because anyone 

is wrong, but because the knowledge genuinely does not exist yet. When you are 

in the Ambiguity zone, the appropriate response is to seek more information 

before acting. Don’t accept the AI’s output as definitive. Don’t reject it either. 

Recognize that you are in territory where the honest answer is “we don’t know 

enough yet,” and act accordingly. 

An example: you ask an AI system about the long-term cognitive effects of a 

medication that was approved eighteen months ago. T might be moderate (short-

term trials showed some results). I is very high (no long-term data exists yet). F is 

low (no contradicting evidence, but that is because no one has studied it long 

enough to find any). You are in Ambiguity. Get more information. Do not let the 

AI’s confident summary of short-term data substitute for the long-term data that 

does not exist. 

The third zone is Contradiction. This is where both T and F are high. The 

evidence supports the claim AND the evidence contradicts the claim, because 

different sources, different studies, or different perspectives point in opposite 

directions. This is the zone that binary logic cannot represent at all—because in 

binary logic, something cannot be simultaneously supported and contradicted. 

But in the real world, it happens constantly. Medical interventions that help some 

populations and harm others. Economic policies that boost one sector and 

damage another. Historical events that are heroic from one perspective and 

catastrophic from another. 

Here is a Contradiction zone example that we suspect many readers will 

recognize. In 2024 and 2025, there was an intense debate about whether remote 

work increases or decreases productivity. If you asked an AI to summarize the 

research, you would get a confident answer—either “remote work increases 

productivity” or “remote work decreases productivity,” depending on which 

sources the system happened to weight more heavily. But the honest answer was: 
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both. Stanford studies showed significant productivity gains for certain types of 

workers and tasks. Microsoft’s internal research showed measurable declines in 

cross-team collaboration and innovation metrics. Both sets of evidence were real, 

rigorous, and peer-reviewed. They were not in error. They were in tension—

because the question “Does remote work increase productivity?” is not a binary 

question with a single answer. It is a question whose answer depends on the type 

of work, the type of worker, the type of measurement, and the organizational 

context. The T-I-F compass represents this honestly: T = 0.65, I = 0.35, F = 0.55. 

You are in Contradiction. Investigate both sides before making policy. 

When you are in the Contradiction zone, the appropriate response is to 

investigate both sides. Do not let the AI pick one side and present it as the 

answer. The real information is in the tension. Ask: what is the evidence for? 

What is the evidence against? Under what conditions does each apply? A 

responsible AI system would surface this tension. Current systems suppress it. 

Cláudia’s case was a Contradiction zone situation. The evidence for 

Parkinson’s was real (T was moderate to high). The evidence for essential tremor 

was also real (F was moderate to high—or equivalently, T for the alternative 

diagnosis was moderate to high). And the indeterminacy was significant (some 

features of the presentation were genuinely ambiguous). Both AI systems 

produced Consensus-zone responses to a Contradiction-zone question. That 

mismatch is where the danger lives. 

The fourth zone is Ignorance. This is where T, I, and F are all low—the system 

has essentially no meaningful information—or where I is overwhelming, 

swamping any signal from T and F. You are in the dark. The AI has generated 

text, but the text is not grounded in any substantive evidence or reasoning. When 

you are in the Ignorance zone, the appropriate response is to abstain from acting 

on the output entirely. Do not treat the response as information. It is not 

information. It is the machine doing what it always does—producing fluent text—

without any underlying epistemic substance. 
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Figure 2.1. The Four Zones of epistemic assessment. Every AI output maps to one of 

these territories based on its T, I, and F values. When Indeterminacy exceeds 0.5, the 

Ambiguity zone overrides all others. 

 

An example: you ask an AI system to predict the outcome of a complex 

geopolitical negotiation that has no close historical precedent. T is low (no 

reliable predictive model exists). I is very high (the variables are too numerous 

and too poorly understood). F is low (there is no specific counter-evidence 

because there is barely any evidence at all). You are in Ignorance. The AI will 

produce a response. The response will sound analytical. It will use hedging 

language. But it is, fundamentally, a fabrication dressed in the syntax of analysis. 

Walk away. 

•    •    • 

Why You Haven’t Heard of This 

If this framework is so useful, why isn’t it everywhere? Why don’t current AI 

systems already produce T, I, F values alongside their responses? Why is this the 
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first time most readers are encountering the idea that knowledge has three 

dimensions, not one? 

The answer has three layers, and understanding them is important for 

understanding why this book exists. 

The first layer is historical. Western logic has been binary for 2,400 years. 

That is an enormous amount of intellectual inertia. Aristotle’s excluded middle 

was not just a philosophical proposition—it became the foundation of 

mathematics (through Euclid and then through formal set theory), of scientific 

method (through falsificationism), and of computation (through Boole, Turing, 

and von Neumann). Challenging the excluded middle feels, within the Western 

intellectual tradition, like challenging gravity. It is not that the challenge has been 

considered and rejected. It is that, for most practitioners in most fields, the 

challenge has never been seriously considered at all. The binary is invisible 

precisely because it is everywhere—like the water a fish cannot see. 

The second layer is disciplinary. Neutrosophic logic, the formal framework 

that makes T, I, F rigorous, was developed within the mathematics community. It 

has been published extensively—there are thousands of papers, multiple journals, 

and a growing international research community. But it has remained, until very 

recently, within the walls of mathematical logic and decision theory. It has not 

crossed into computer science, into AI engineering, into product design, or into 

the popular understanding of how knowledge works. The gap between the 

mathematical formalization and the practical application has been vast. This 

book is an attempt to bridge that gap. 

The third layer is cultural, and it is the one that matters most. Our 

professional and institutional culture rewards certainty and punishes 

uncertainty. The consultant who delivers a three-dimensional assessment—“here 

is what supports the conclusion, here is what we don’t know, and here is what 

contradicts it”—takes twice as long to present and sounds half as confident as the 

one who delivers a clean recommendation. The financial analyst who writes “the 

outlook is uncertain, with significant support and significant contradiction” gets a 
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worse performance review than the one who writes “we project 15% growth.” The 

AI system that says “I am uncertain about this” is perceived as less useful than 

the one that gives a clean answer, even if the clean answer is wrong. 

We have built a world that systematically selects against the Third Answer. 

And then we act surprised when our machines—trained on our text, reflecting our 

values, optimizing for our reward signals—cannot produce it. 

There is a fourth factor, subtler than the other three, that I want to name 

explicitly because it connects to the next part of the book. The intellectual 

traditions that most naturally embody three-dimensional thinking about 

knowledge—traditions that have worked with productive doubt, irreducible 

contradiction, and the coexistence of opposites for centuries—are largely non-

Western. They are Latin American, Andean, Mesoamerican, Afro-diasporic, 

South Asian. They are the intellectual traditions that the global academic system, 

dominated by Anglo-European institutions and publication norms, has 

systematically marginalized and undervalued. The tools we need have existed for 

centuries. They were simply held by communities that the builders of AI were not 

talking to. 

This is about to change. And the next two chapters will show you why. 

•    •    • 

The Objection: “Isn’t This Just Probability?” 

At this point, a technically minded reader will raise the obvious objection. 

"We already have a framework for representing uncertainty," they will say. "It's 

called probability. It's been around since the seventeenth century. It works 

perfectly well. Why do we need three numbers when one number between 0 and 1 

already tells us how confident we should be?" 

This is a fair objection, and it deserves a careful answer. 
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Probability is magnificent. It is one of the great intellectual achievements of 

human civilization. It powers everything from insurance pricing to quantum 

mechanics to the very language models we have been discussing. We are not 

proposing that probability be replaced. We are proposing that, for a specific and 

enormously important class of problems, it is insufficient. 

Here is why. A probability of 0.6 tells you: "There is a 60% chance this is 

true." What it does not tell you is why the number is 0.6. And the why matters 

enormously for decision-making. 

Scenario A: the probability is 0.6 because you have abundant data that mildly 

favors the conclusion. You have surveyed a thousand patients, and the effect is 

well-supported across most subgroups. The remaining uncertainty is small, and 

the counter-evidence is minor — a handful of patients who did not respond, not 

studies that found the opposite. In the T-I-F compass, this looks like: T = 0.55, I 

= 0.10, F = 0.15. The ground is not perfect, but it is solid. You can act. 

Scenario B: the probability is also 0.6, but for a completely different reason. 

You have two studies. One, with 200 patients, found the effect strongly 

(suggesting the probability should be 0.9). The other, with 150 patients, found 

the opposite (suggesting the probability should be 0.2). You average them — or 

rather, your Bayesian model averages them — and get 0.6. But this 0.6 is not 

moderate confidence. It is a mathematical truce between two contradictory 

findings. In the T-I-F compass, this looks like: T = 0.50, I = 0.20, F = 0.80. The T 

and F are both high — in fact, T + F = 1.30, which exceeds 1.0. This is a 

paraconsistent state: the evidence simultaneously supports and contradicts the 

claim. This is a Contradiction zone situation. Acting on "0.6 probability" as if it 

were Scenario A when it is actually Scenario B is a potentially catastrophic 

mistake. 

Scenario C: the probability is also 0.6, but this time because you have almost 

no data. A single small pilot study with 30 participants showed a moderate effect. 

No replication has been attempted. The probability estimate is 0.6, but it could 

easily be 0.2 or 0.9 once more data arrives. In the T-I-F compass, this looks like: 



 

 53 

T = 0.20, I = 0.80, F = 0.10. Indeterminacy dominates. This is an Ambiguity zone 

situation. The appropriate response is not to act on the 0.6 but to gather more 

data. 

Three scenarios. The same probability. Three completely different epistemic 

situations. Three completely different appropriate decisions. The single number 

— 0.6 — erased the differences. The three-number compass preserved them. 

How can all three scenarios produce the same probability? Consider a collapse 

function ϕ(T, I, F) = T + 0.5I — a function that treats indeterminacy as partial 

evidence in favor (assigning half the uncertainty mass as implicit support) and 

ignores counter-evidence entirely (F does not appear).7 Under this function, all 

three scenarios collapse to exactly 0.6: 

 

Scenario A: 0.55 + 0.5(0.10) = 0.60 

Scenario B: 0.50 + 0.5(0.20) = 0.60 

Scenario C: 0.20 + 0.5(0.80) = 0.60 

 

Same output. Radically different inputs. The collapse function is not a 

contrived example — it is precisely how conventional confidence scores behave. 

They assign half the uncertainty as implicit support, discard the contradicting 

evidence, and present the result as a single number. The T-I-F decomposition 

refuses this compression. 

 
7 The collapse function ϕ(T, I, F) = T + 0.5I is illustrative rather than canonical, representing one 
plausible way conventional systems implicitly aggregate uncertainty. Alternative collapse 
functions include net evidence (ϕ = T − F), discounted truth (ϕ = T(1 − I)), Bayesian posterior 
estimates, and Dempster–Shafer belief functions. Importantly, the argument does not depend on 
the specific choice of ϕ. Any mapping ϕ: [0,1]³ → ℝ that reduces a three-dimensional epistemic 
state to a scalar necessarily discards information, as no continuous or information-preserving 
function can be injective under dimensionality reduction. The T–I–F decomposition retains 
epistemic distinctions that any scalar representation collapses. For foundational details, see 
Smarandache (1998). 
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This is not a theoretical distinction. It is the difference between a doctor who 

prescribes a treatment based on solid evidence and a doctor who prescribes the 

same treatment based on contradictory evidence that happened to average out to 

the same number. The patient's health depends on the doctor knowing which 

scenario they are in. And the doctor cannot know, if all the system gives them is a 

single confidence score. 

Probability tells you how much to bet. The T-I-F compass tells you whether 

you should be betting at all.

 

Figure 2.2. Three evidence landscapes that a conventional system reports as 

identical confidence (P = 0.6). For illustration, we use the collapse function ϕ(T, I, F) = T 

+ 0.5I, which treats indeterminacy as partial evidence in favor and discards counter-

evidence entirely.¹ Scenario A (T = 0.55, I = 0.10, F = 0.15) warrants action: evidence is 
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strong, uncertainty is low, and T + F = 0.70. Scenario B (T = 0.50, I = 0.20, F = 0.80) 

requires investigation: T + F = 1.30 signals a paraconsistent state where evidence 

simultaneously supports and contradicts the claim. Scenario C (T = 0.20, I = 0.80, F = 

0.10) demands waiting: indeterminacy overwhelms the signal. Same probability. 

Radically different decisions. 

Let me push this further with an example from law — a domain where the 

distinction has life-altering consequences. Suppose an AI system is used to assess 

the likelihood that a criminal defendant committed a crime, based on a pattern 

analysis of available evidence. The system returns: "72% probability of guilt." 

This number hides everything a judge or jury would need to know. Is the 72% 

based on strong physical evidence with no contradicting witnesses (high T, low I, 

low F)? Or is it based on circumstantial evidence that points toward the 

defendant, combined with alibi testimony that points away (high T AND high F — 

Contradiction)? Or is it based on a pattern match from similar cases, with very 

little direct evidence about this specific defendant (moderate T, high I — 

Ambiguity)? 

In the first scenario, a conviction might be reasonable. In the second, a 

conviction would be proceeding despite unresolved contradictory evidence — the 

very definition of reasonable doubt. In the third, a conviction would be based on 

inference, not evidence. Three scenarios, one probability, three completely 

different justice outcomes. The single number is not just insufficient. In a 

courtroom, it is dangerous. 

We are not arguing against the use of probability. We are arguing that 

probability without decomposition is like a thermometer without a diagnosis. The 

temperature tells you something is off. It does not tell you whether you have a 

cold, pneumonia, or an infection. You need more dimensions to make the right 

decision. The T-I-F compass provides those dimensions. 

•    •    • 

The Most Expensive Answer in the World 
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There is a reason our institutions suppress the Third Answer, and it is not 

stupidity or malice. It is economics. 

“I don’t know” is the most expensive sentence in professional life. It is 

expensive in time, because it delays decisions. It is expensive in reputation, 

because it signals uncertainty in environments that reward confidence. It is 

expensive in organizational politics, because it creates space for others to fill the 

vacuum with their own certainties. And it is expensive in money, because 

uncertain situations require more investigation, more expertise, more 

deliberation—all of which cost more than a quick, confident answer. 

Every incentive in modern professional culture pushes against the Third 

Answer. Consultants are paid for recommendations, not for nuanced uncertainty 

assessments. Doctors are evaluated on decision-making speed, not on the 

accuracy of their uncertainty estimates. Analysts are rewarded for clear forecasts, 

not for honest acknowledgments of contradictory evidence. And AI systems are 

evaluated on benchmarks that measure accuracy—the percentage of questions 

they get right—not on the quality of their uncertainty signals. 

This creates a perverse feedback loop. Professionals are trained to suppress 

uncertainty. They produce text—reports, analyses, recommendations—that 

suppresses uncertainty. AI systems are trained on this text. The AI systems learn 

to suppress uncertainty. And the AI systems produce new text that professionals 

read and act on, text that is even more confidently stripped of uncertainty than 

the human-generated text it was trained on, because the machine has no internal 

experience of doubt to moderate its confidence. Each cycle amplifies the 

suppression. Each generation of model is trained on text produced by the 

previous generation of confident machines, creating a recursive loop of escalating 

overconfidence. 

The result is that we are building an information ecosystem where the most 

valuable epistemic signal—“the evidence is genuinely uncertain or contradictory 

here”—is systematically eliminated at every step. The human writes confidently. 

The machine trains on the confident text. The machine writes even more 
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confidently. The human reads the machine’s output and updates their own sense 

of what confident expertise looks like. And the Third Answer—the answer that 

might have saved the lawyer, the doctor, the analyst, the policymaker—

disappears deeper into silence with each iteration. 

This is not sustainable. And it is not inevitable. The framework for breaking 

the cycle exists. It requires two things: a way for systems to represent uncertainty 

formally (that is the T-I-F compass), and a culture that rewards honesty about 

what is not known (that is the harder part, and it is what the rest of this book 

works toward). 

We want to be frank about the second requirement, because it implicates all of 

us—not just engineers and AI researchers, but every professional who produces 

or consumes information. If we continue to reward clean answers over honest 

ones, if we continue to penalize the analyst who says “the evidence is genuinely 

mixed on this” and promote the one who says “here’s the answer,” then no 

amount of technical innovation will solve the overconfidence problem. We will 

build AI systems capable of emitting T, I, F values, and then we will ignore the I 

and the F because they are inconvenient. The technology is necessary but not 

sufficient. The human side of the equation—your willingness to sit with 

uncertainty, to treat “I don’t know yet” as a valid and valuable professional 

position—is equally necessary. The three questions we are about to give you are a 

technology for thinking. But they only work if you are willing to hear answers that 

are more complex than yes or no. 

•    •    • 

Three Questions You Can Use Today 

We want to give you something practical before we move on. You will get a 

complete decision framework in Chapter 5, with worked examples across six 

domains. But you should not have to wait until Chapter 5 to start using the 

compass. Here are the three questions. They work on any AI output, any expert 

opinion, any news article, any recommendation that crosses your desk. 



 

 58 

Question one: What supports this? Look for the evidence, reasoning, or 

sources that favor the claim. How much is there? How strong is it? How 

consistent? This is your T reading. If you find robust, convergent evidence from 

multiple independent sources, T is high. If you find thin, single-source, or 

anecdotal evidence, T is lower. 

Question two: What is genuinely unknown here? Look for the gaps—the 

unstated assumptions, the untested conditions, the questions that the available 

evidence cannot address. This is your I reading. If the claim is about a novel 

situation, an under-studied population, a recent event, or a domain with limited 

data, I is high. If the claim is about a well-studied domain with extensive data and 

clear precedents, I is lower. 

Question three: What contradicts this? Look for evidence, reasoning, or 

sources that point in the opposite direction. Not just the absence of support—

active counter-evidence. This is your F reading. If reputable sources disagree with 

the claim, if there are documented counterexamples, if an alternative 

interpretation of the same evidence exists, F is higher. 

Three questions. Three independent readings. Together, they tell you which 

zone you are in—Consensus, Ambiguity, Contradiction, or Ignorance—and the 

zone tells you what to do. Trust, investigate, seek more information, or abstain. 
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Figure 2.3. The T-I-F Compass with two sample readings. Reading A (T=0.80, 

I=0.10, F=0.05) falls in the Consensus zone. Reading B (T=0.60, I=0.40, F=0.50) falls in 

the Contradiction-Ambiguity zone, with T+F=1.10 exceeding 1.0 — a paraconsistent 

state. 

 

Try it now. Think about the last AI-generated recommendation you acted on. 

Run the three questions. What did T look like? What was I? Was there any F you 

didn’t investigate? What zone were you actually in? And was your response 

appropriate for that zone? 

Let me walk you through one more example to make this concrete. Suppose 

you are a school principal and you ask an AI system: “Should we adopt a four-day 

school week to improve student outcomes?” The AI produces a confident, well-

structured response recommending the change, citing districts that reported 

improved attendance and teacher satisfaction. 

Question one—What supports this? There are indeed districts that have 

reported positive results. Teacher satisfaction surveys are real. Some attendance 

data shows modest improvement. T is moderate: maybe 0.5. The supporting 
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evidence exists, but it is limited in scope and concentrated in specific types of 

communities (mostly rural, mostly smaller districts). 

Question two—What is genuinely unknown? Quite a lot. The long-term effects 

on academic achievement are poorly studied. The impact on working parents who 

need childcare on the fifth day is under-researched. The effects may differ 

dramatically between affluent and low-income communities. I is high: maybe 0.6. 

There are major open questions that the AI’s recommendation did not 

acknowledge. 

Question three—What contradicts this? Yes. Some districts that tried four-day 

weeks reported widening achievement gaps for disadvantaged students. Research 

from the National Conference of State Legislatures flagged concerns about 

nutritional impacts on children who depend on school meals. F is moderate: 

maybe 0.4. There is active counter-evidence. 

Your compass reads: T = 0.5, I = 0.6, F = 0.4. You are not in Consensus. You 

are in a blend of Ambiguity and Contradiction. The appropriate response is not to 

adopt the AI’s recommendation. The appropriate response is to investigate the 

contradicting evidence, to acknowledge the open questions explicitly, and to seek 

more data—particularly data relevant to your specific community’s 

demographics. The AI gave you a Consensus-zone answer to an Ambiguity-

Contradiction question. The compass caught the mismatch. 

If you are being honest with yourself, you will probably find that you have 

treated a Contradiction or Ambiguity zone response as if it were Consensus. Most 

of us do. Not because we are careless, but because the machine gave us no signal 

that we were anywhere other than solid ground. The compass corrects for that. It 

does not make decisions for you. It tells you where you are standing, so that you 

can make decisions with your eyes open. 

•    •    • 

The Roots of the Third Answer 
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We have presented the T-I-F compass as if it were a modern invention—a 

mathematical framework from 1995, applied to a technological problem of the 

2020s. And in its formal, rigorous, computable form, that is accurate. 

Smarandache’s neutrosophic logic is a product of late twentieth-century 

mathematics, and its application to AI uncertainty is a product of current 

research. 

But the intuition behind it—the deep recognition that truth, uncertainty, and 

contradiction are three independent features of knowledge, not variations on a 

single scale—is ancient. And its history runs through some of the most 

unexpected intellectual terrain you can imagine. 

It runs through the lecture halls of sixteenth-century Salamanca, where a 

Dominican friar named Francisco de Vitoria stood before the Spanish Crown and 

argued that moral action under genuine uncertainty was not only possible but 

necessary—and that the conquest of the Americas might be morally illegitimate 

precisely because the Crown had refused to acknowledge what it did not know. 

Vitoria and his colleagues developed the concept of “probable conscience”: a 

formal framework for acting wisely when you cannot act with certainty. It was the 

world’s first systematic epistemology of productive doubt, three centuries before 

probability theory was born. 

It runs through the stone gateways of Tiwanaku, in the Andean highlands, 

where master masons carved structures encoding yanantin—the principle that 

complementary opposites coexist as a unified whole, without resolving into 

synthesis or canceling each other out. Not dialectic. Not compromise. 

Coexistence. A logic in which two contradictory things can both be true and the 

space between them is not a problem to be solved but a reality to be inhabited. 

It runs through the weaving looms of Aymara women in Bolivia, whose 

textiles embody what the sociologist Silvia Rivera Cusicanqui calls ch’ixi: a state 

where black and white threads are woven together in a fabric that is neither gray 

nor separate—it is both at once, with each color visible, each color distinct, and 

the whole irreducible to either part. A logic of coexistence without fusion. 
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These are not metaphors. They are operating systems for thinking—epistemic 

technologies that have been running, successfully, for centuries. And they 

converge, with remarkable precision, on the same three-dimensional structure 

that Smarandache’s mathematics formalizes: truth and contradiction can coexist. 

Uncertainty is not a deficiency but a dimension. And the space between knowing 

and not knowing is not empty—it is where wisdom lives. 

How did a group of sixteenth-century Catholic theologians, an Andean 

civilization, and a twentieth-century mathematician independently arrive at the 

same logical structure? That is the story of the next two chapters. And it begins 

with a monk who told the most powerful empire on Earth that its certainty was a 

form of violence. 

 
— End of Chapter Two — 
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P A R T  T W O :  T H E  R O O T S  

 

C H A P T E R  T H R E E  

The Monks Who Doubted 

“In matters of doubt, one is not bound to follow the 
more probable opinion, but may follow the less 

probable, provided it is truly probable.” 

— Bartolomé de Medina, 1577 

In the autumn of 1539, in a stone lecture hall at the University of Salamanca, a 

Dominican friar named Francisco de Vitoria delivered a series of lectures that 

would change the history of international law, moral philosophy, and—though no 

one present could have imagined it—the future of artificial intelligence. 

The topic was the Spanish conquest of the Americas. The audience was 

composed of theologians, jurists, and students—the intellectual elite of the most 

powerful empire on Earth. And the argument Vitoria made was, by the standards 

of his time and place, an act of extraordinary intellectual courage. He told the 

Crown that the conquest might be morally illegitimate. Not because the 

indigenous peoples of the Americas had rights—though he argued that too, in a 

move that helped establish the foundations of modern human rights law. But 

because the Spanish Crown could not claim the moral certainty it would need to 

justify the violence of conquest. 

Vitoria’s argument did not rest on knowledge. It rested on the limits of 

knowledge. He argued that the moral status of the conquest was genuinely 

uncertain—that there were strong reasons on both sides, that the evidence was 

incomplete, that the cultural distance between Europeans and the peoples they 

had encountered made confident moral judgment impossible. And he argued that 
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acting with violence under conditions of genuine uncertainty was itself a moral 

failure, regardless of whether the action turned out to be justified in retrospect. 

This was not an academic abstraction. Men were dying. Civilizations were 

being destroyed. Gold was flowing into the Spanish treasury. The encomienda 

system had turned entire indigenous populations into forced labor. Hernando de 

Soto was cutting his way through what is now the southeastern United States. 

Pizarro’s men had executed the Inca emperor Atahualpa after a sham trial. And a 

friar in a lecture hall was telling the empire that its certainty—the certainty that 

God had authorized the conquest, that the indigenous peoples were natural 

slaves, that the extraction of wealth was divinely sanctioned—was a form of moral 

negligence. Not because the empire’s conclusions were necessarily wrong, but 

because the empire had refused to reckon honestly with what it did not know. 

The Crown did not take this well. Vitoria’s lectures were reported to King 

Charles V, who attempted to suppress them. But the ideas could not be 

unsuppressed. They circulated through the lecture halls, through the Dominican 

order, through the nascent field of international law. And they planted a seed that 

would grow, over the next half century, into the most sophisticated framework for 

navigating uncertainty that the Western world had produced. 

We want you to hold this image in your mind: a man in a stone room, 

surrounded by the machinery of imperial power, arguing that the most dangerous 

thing in the world is not ignorance but false certainty. That the gravest moral 

error is not being wrong—it is being confident when the grounds for confidence 

do not exist. That the honest acknowledgment of uncertainty is not weakness but 

the precondition for ethical action. 



 

 65 

 



 

 66 

Figure 3.1. Monument to Fray Francisco de Vitoria, O.P. (c. 1483–1546) in Vitoria-

Gasteiz, Spain — the city that bears his name. In 1539, Vitoria delivered the Relectio De 

Indis at the University of Salamanca, arguing that indigenous peoples possessed 

legitimate sovereignty and establishing the first systematic framework for decision-

making under genuine uncertainty. His three-step method — assess the evidence, 

acknowledge what you do not know, act proportionally to your certainty — maps, with 

striking precision, onto the T-I-F compass. Photograph: Wikimedia Commons (CC BY-

SA 3.0). 

Vitoria was not the only one making this argument. He was the most 

prominent member of a remarkable intellectual community—the School of 

Salamanca, or the Second Scholasticism—that spent the better part of a century 

developing, with extraordinary rigor, the world’s first formal framework for 

acting wisely under genuine uncertainty. They did this three hundred years 

before the birth of probability theory. They did this using the tools of theology, 

moral philosophy, and Roman law. And they arrived at insights that are, we will 

argue, directly applicable to the problem of AI overconfidence that we face today. 

This chapter tells their story. It is not the story you expect in a book about 

artificial intelligence. That is precisely the point. 

•    •    • 

The Crisis That Made Doubt Necessary 

To understand what the Salamancan theologians accomplished, you need to 

understand the crisis they were responding to. And that crisis was, in its 

structure, remarkably similar to the one we face with AI today. 

In 1492, Columbus made landfall in the Caribbean. Within a few decades, the 

Spanish Crown controlled territories stretching from present-day California to 

Tierra del Fuego—an empire of staggering scale and staggering violence. The 

conquest raised moral questions of a kind that European intellectual life had 

never faced. Were the indigenous peoples of the Americas fully human? Did they 

have property rights? Could they be enslaved? Was the violence of conquest 
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justified by the imperative to spread Christianity? Did the Pope have the 

authority to grant sovereignty over lands he had never seen, inhabited by peoples 

he had never met? 

These questions had no clean answers. The available intellectual 

frameworks—Aristotle’s theory of natural slavery, Augustine’s theology of just 

war, the Pope’s claimed universal jurisdiction—pointed in contradictory 

directions. Some supported the conquest. Some undermined it. None resolved 

the question definitively. And the stakes of getting it wrong were, quite literally, 

civilizational: the destruction of entire cultures on one side, the potential loss of 

souls (in the theologians’ framework) on the other. 

Notice the structure. Multiple sources of authority pointing in different 

directions. Evidence that is incomplete and contested. Stakes that are enormous. 

The need to make decisions and take actions despite the inability to resolve the 

uncertainty. This is a Contradiction zone situation—high T, high F, significant I—

unfolding at the scale of an empire. 

The Crown wanted certainty. Certainty would have made the conquest simple: 

if the indigenous peoples were natural slaves, conquest was justified; if the Pope’s 

grant was valid, sovereignty was settled; if Christianity required conversion by 

force, the violence was sanctioned. Certainty would have resolved the 

contradictions, eliminated the discomfort, and allowed the machinery of empire 

to operate without moral friction. 

The Salamancan theologians refused to provide that certainty. Not because 

they were opposed to the empire—many of them benefited from it—but because 

they recognized that the certainty the Crown demanded did not correspond to the 

actual state of knowledge. The evidence was contradictory. The philosophical 

frameworks were in tension. The cultural distance made confident judgment 

impossible. Pretending otherwise was not wisdom. It was recklessness dressed in 

the robes of authority. 



 

 68 

Does this sound familiar? It should. Replace “the Crown” with “the user” and 

“the theologians” with “the AI system,” and you have a precise description of the 

overconfidence problem we explored in the first two chapters. The user wants a 

clean answer. The system, trained to provide clean answers, obliges. The 

contradictions in the evidence are smoothed over. The uncertainties are 

suppressed. The output arrives dressed in the robes of authority. And the 

decision that follows may be reckless precisely because it was presented as 

certain. 

The parallel extends further than you might expect. The Crown’s demand for 

certainty was not driven by ignorance. Charles V was a sophisticated ruler who 

understood political complexity. His demand for a clean moral justification of the 

conquest was driven by the same forces that drive AI overconfidence today: the 

institutional need for actionable outputs, the political cost of admitting 

uncertainty, and the economic pressure to keep the machinery moving. The gold 

was flowing. The colonies were expanding. Pausing to acknowledge uncertainty 

would have meant pausing the enterprise. And pausing the enterprise was, in the 

logic of empire, unthinkable. 

Every organization that deploys AI faces a version of this dynamic. The 

quarterly report is due. The product must launch. The clinical decision must be 

made. The institutional machinery demands outputs, and outputs delivered with 

confidence face less friction than outputs delivered with caveats. The AI system, 

like the theologians the Crown wished it had, is under constant pressure to 

simplify, to resolve, to produce clean answers that keep the machinery moving. 

The difference is that the Salamancan theologians had the intellectual courage to 

resist that pressure. Current AI systems do not have intellectual courage. They 

have training objectives. And the training objectives point toward confident, 

clean, actionable text. 

What the Salamancan theologians developed, in response to the Crown’s 

demand for certainty, was a formal alternative. A way to act responsibly in the 
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space between knowing and not knowing. They called it the doctrine of probable 

conscience. 

•    •    • 

Probable Conscience: The First Framework for Acting Under 
Uncertainty 

The concept of probable conscience—conscientia probabilis—was not invented by 

Vitoria, though he developed it significantly. Its roots go back to medieval moral 

theology and ultimately to Aristotle’s discussion of practical reasoning under 

uncertainty in the Nicomachean Ethics. But it was the Salamancan school that 

systematized it into a rigorous decision framework, and it was Bartolomé de 

Medina who, in 1577, gave it its most influential formulation. 

The doctrine works as follows. When a moral agent faces a decision under 

genuine uncertainty—when the evidence does not clearly favor one course of 

action over another—the agent is not required to achieve certainty before acting. 

Certainty is often unattainable, and waiting for it may itself be a moral failure 

(the sick person needs treatment now, not after a decade of philosophical 

debate). Instead, the agent must do three things. 

First, the agent must honestly assess the state of the evidence. This means 

identifying which opinions are “probable”—that is, supported by good reasons 

and endorsed by serious authorities—and which are not. A probable opinion is 

not the same as a certainly true opinion. It is an opinion for which a reasonable, 

informed person could offer a serious justification. The Salamancans were 

explicit about this: an opinion can be probable even if the opposing opinion is 

more probable. Probability, in their framework, was not a ranking. It was a 

threshold. If an opinion cleared the threshold of serious justification, it was 

probable, and the agent could legitimately act on it. 

This concept—that opposing positions can both be “probable” 

simultaneously—is the Salamancans’ most radical contribution and the one that 

most directly anticipates the T-I-F compass. In modern logic, we would say: T 
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and F can both be significant at the same time, because the supporting evidence 

and the contradicting evidence are both genuine. The Salamancans did not have 

the formal notation, but they had the concept. And they built a decision 

framework around it. 

Second, the agent must acknowledge the uncertainty. Acting on a probable 

opinion is not the same as acting on a certain one. The agent must remain aware 

that they could be wrong, that the opposing view has merit, and that new 

evidence might change the assessment. This is not a pro forma caveat. It is a 

substantive requirement: the agent must maintain the disposition to revise their 

position if the evidence shifts. Certainty forecloses inquiry. Probable conscience 

keeps it open. 

This requirement is directly analogous to what we now call “calibration” in AI 

systems—the alignment between a system’s expressed confidence and its actual 

reliability. A well-calibrated system that says “I am 70% confident” should be 

right about 70% of the time. Current AI systems are notoriously poorly 

calibrated: they express high confidence far more often than their accuracy 

warrants. The Salamancans would have recognized this immediately as a failure 

of probable conscience—the system is acting with the disposition of certainty 

when the evidence supports only probability. 

Third, the agent must act proportionally to the degree of certainty available. 

The more uncertain the situation, the more cautious and reversible the action 

should be. You do not commit irreversible resources on the basis of a probable 

opinion when a less drastic course of action is available. The theologians were 

particularly clear on this in the context of the conquest: even if there were 

probable reasons to think the indigenous peoples could be evangelized, those 

reasons did not justify the level of violence being employed, because the 

uncertainty demanded proportional restraint. 

We want you to see the architecture of this framework, because it maps, with 

striking precision, onto the T-I-F compass from the previous chapter. 
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Figure 3.2 — From the School of Salamanca to the T-I-F Compass: structural 

convergence across five centuries 

The honest assessment of evidence corresponds to evaluating T and F: what 

supports the claim, and what contradicts it. The Salamancans required the agent 

to take both seriously—to identify not just the reasons in favor but the reasons 

against. An opinion supported by good reasons but contradicted by equally good 

reasons was still probable (it cleared the threshold), but the contradiction 

demanded acknowledgment and affected how the agent should act. 

The acknowledgment of uncertainty corresponds to I: the honest recognition 

that the evidence is incomplete, that the question is not fully resolved, and that 

the agent is operating in the space between knowing and not knowing. The 

Salamancans did not treat this acknowledgment as a deficiency. They treated it as 

a virtue—the intellectual virtue of epistemic humility, without which moral action 

degenerates into dogmatism. 

And the requirement of proportional action corresponds to the zone-based 

decision framework: the higher the uncertainty, the more cautious the response. 

Consensus zones warrant decisive action. Contradiction and Ambiguity zones 

warrant investigation and reversible commitments. Ignorance zones warrant 

abstention. 
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The Salamancan theologians, working with the tools of sixteenth-century 

moral philosophy, had independently arrived at the core structure of the 

framework this book proposes for twenty-first-century AI. The notation is 

different. The domain is different. The underlying logic is the same: separate the 

evidence for from the evidence against, acknowledge what is genuinely unknown, 

and calibrate your action to your actual epistemic position, not to the confidence 

of the loudest voice in the room. 

The framework was not without internal debate. Francisco Suárez, perhaps 

the most brilliant systematic philosopher of the Salamancan school, pushed the 

framework further by developing what he called the “balance of probabilities” in 

moral decision-making. Where Medina had argued that an agent could follow any 

truly probable opinion, Suárez added nuance: the agent should consider the 

relative weight of probable opinions, the reversibility of the proposed action, and 

the magnitude of potential harm. A probable opinion favoring a low-risk action 

carried more practical authority than a probable opinion favoring a high-risk one, 

even if both were equally probable in the abstract. 

This is a remarkably modern insight. Contemporary AI safety researchers 

would recognize it immediately as a version of expected cost analysis under 

uncertainty: the decision should factor in not just the probability of an outcome 

but the severity of the outcome if you are wrong. The Salamancans were doing 

this calculus without the formalism of probability theory, using the vocabulary of 

moral theology and practical reason. The intellectual achievement is 

extraordinary. 

The debate eventually crystallized into what historians of philosophy call the 

“war of the moral systems”—a prolonged, fierce argument among Jesuit, 

Dominican, and Franciscan thinkers about exactly how probable an opinion 

needed to be before it could justify action. The positions ranged from tutiorism 

(always follow the safest option) to laxism (any opinion with even minimal 

probability suffices) to the intermediate position of equiprobabilism. The details 

of this debate are beyond our scope, but its existence demonstrates something 
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important: these thinkers took the problem of acting under uncertainty with 

deadly seriousness. They did not wave it away. They did not pretend it could be 

resolved by authority or dogma. They argued about it for a century, generating 

increasingly refined frameworks for navigating the space between knowing and 

not knowing. 

We are in the early stages of an equivalent debate in the AI research 

community. How confident must a model be before its output should be 

presented as reliable? What threshold of uncertainty should trigger a warning to 

the user? When should a system refuse to answer rather than risk a confident 

fabrication? These are the same questions the Salamancans asked, translated into 

a new domain. And the Salamancans’ core insight—that the answer depends on 

the stakes, on the reversibility of the action, and on the quality of the evidence, 

not on a single confidence threshold—remains the right framework. 

•    •    • 

Las Casas and the Epistemology of the Other 

Among the Salamancan thinkers, the figure who pushed the framework 

furthest—and whose insights are most relevant to the AI problem—was 

Bartolomé de Las Casas. Las Casas was not an armchair philosopher. He was a 

former encomendero—a colonial landowner who had directly participated in the 

exploitation of indigenous labor—before undergoing a conversion experience that 

turned him into the most vocal critic of the conquest. 

Las Casas’s contribution to the intellectual history of uncertainty was radical. 

He did not merely argue that the conquest was uncertain in its moral 

justification. He argued that the Spanish were epistemically incapable of 

understanding the peoples they were conquering—and that this incapacity was 

itself a moral fact that the Crown was obligated to reckon with. 

His argument proceeded in three steps, each of which has a direct analogue in 

the AI context. 
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First, Las Casas argued that the indigenous peoples of the Americas had 

complete, functioning civilizations with their own systems of governance, law, 

religion, art, and education. These were not deficient versions of European 

civilization. They were different civilizations, operating on different principles, 

with their own internal coherence. The Spanish could not evaluate these 

civilizations by Spanish standards without committing a fundamental epistemic 

error—the error of assuming that the only valid framework for judgment was 

their own. 

This is, in modern terms, a claim about the limits of a training distribution. A 

model trained exclusively on European legal texts cannot reliably evaluate a 

Mesoamerican legal system, because the training data does not contain the 

concepts, categories, and values necessary for the evaluation. Any output the 

model produces will reflect the patterns in its training data, not the reality of the 

system it is being asked to evaluate. Las Casas was making this argument about 

human minds five centuries before anyone made it about machine learning. 

And the argument has teeth in the AI context. When researchers evaluate 

large language models on tasks outside their training distribution—asking a 

model trained primarily on English-language data to reason about cultural 

practices from non-Western societies, for example—the models do not simply 

fail. They fail confidently. They produce fluent, well-structured responses that 

reflect the categories and assumptions of the training data, not the reality of the 

phenomenon being described. The output looks authoritative because the 

language is authoritative. But the authority is illusory: the model is projecting its 

training distribution onto a reality that its training distribution cannot represent. 

This is exactly what Las Casas accused the Spanish Crown of doing: projecting 

European categories onto a reality that those categories could not capture, and 

then acting on the projection as if it were knowledge. 

Second, Las Casas argued that the encounter itself—the contact between two 

radically different civilizations—produced a kind of irreducible uncertainty that 

could not be resolved by further study from only one side. The Spanish could 
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learn about the indigenous peoples, but their learning would always be filtered 

through Spanish categories, Spanish assumptions, and Spanish interests. There 

were aspects of the indigenous worldview that were, in principle, inaccessible to 

the colonial gaze. The indeterminacy was not a gap to be filled with more data. It 

was a structural feature of the encounter. 

In the language of the T-I-F compass, Las Casas was identifying a form of I 

that cannot be reduced by gathering more information from within the existing 

framework. This is the most sophisticated form of indeterminacy: not “we haven’t 

looked hard enough” but “our tools of looking are constitutively incapable of 

seeing what is there.” When a large language model trained on English-language 

medical literature is asked to evaluate a traditional healing practice from the 

Quechua tradition, it faces exactly this form of indeterminacy. The training data 

does not merely lack information. It lacks the conceptual framework necessary to 

engage with the information. 

Third, Las Casas drew a practical conclusion that was explosive in its 

implications: because the Spanish could not achieve epistemic certainty about the 

nature and rights of the indigenous peoples, and because the consequences of 

acting on false certainty were catastrophic and irreversible (the destruction of 

entire civilizations), the morally appropriate response was not to act first and 

study later. It was to stop the violence, acknowledge the uncertainty, and enter 

into dialogue—a genuine, reciprocal exchange of knowledge, not a one-directional 

imposition of European categories. 

This is the Abstention Principle from Chapter 2, stated in the language of 

sixteenth-century theology. When I is overwhelming and the consequences of 

acting on false confidence are catastrophic, the appropriate response is not to act. 

It is to acknowledge the limits of your knowledge, seek information from sources 

outside your current framework, and resist the institutional pressure to produce a 

clean answer when the honest answer is “we do not know enough to justify this 

action.” 
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Las Casas lost the political battle. The conquest continued. The violence did 

not stop. But his intellectual contribution survived—in the development of 

international law, in the foundations of human rights theory, and in an 

epistemological insight that is, we believe, among the most important in the 

Western tradition: the recognition that the most dangerous form of ignorance is 

the ignorance that does not know itself, the certainty that has not reckoned with 

what it cannot see. 

There is a direct line from Las Casas’s argument to the modern concept of 

“distributional shift” in machine learning: the recognition that a model trained on 

one distribution of data cannot be trusted when deployed on a different 

distribution. When a model trained on North American medical data is deployed 

in sub-Saharan Africa, it is operating outside its training distribution. Its 

confidence scores do not adjust to reflect this. Its outputs do not carry a warning 

label. It produces the same fluent, authoritative text—but the text is now 

untethered from the reality it purports to describe. Las Casas would have 

recognized this immediately. The Spanish Crown’s moral categories, deployed on 

a civilization they did not understand, were also untethered from the reality they 

purported to judge. The structure of the error is identical across five centuries. 

And Las Casas’s solution—stop acting on false certainty, enter into genuine 

dialogue, seek knowledge from outside your current framework—is also identical 

to the solution that responsible AI deployment demands. When a system is 

operating outside its competence, the right response is not to generate a 

confident answer anyway. It is to flag the uncertainty, acknowledge the limits, 

and either seek additional information or abstain from answering. This is the 

Abstention Principle—and Las Casas was its first great advocate. 

•    •    • 

The Coincidence of Opposites 

The Salamancan theologians did not operate in intellectual isolation. They 

inherited and transformed an older strand of European thought that is crucial for 
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understanding the genealogy of the Third Answer: the tradition of coincidentia 

oppositorum—the coincidence of opposites. 

 

Figure 3.3. Nicholas of Cusa (1401–1464), cardinal, mathematician, and author of De 

Docta Ignorantia (1440). Cusa argued that the highest form of knowledge is the 

recognition of one's own ignorance — docta ignorantia, learned ignorance — and that 

ultimate reality transcends binary categories, including true and false. Where AI's 

confident ignorance does not know what it does not know, Cusa's learned ignorance 

knows exactly what it does not know, and navigates by those edges. This distinction is 
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the intellectual ancestor of the Indeterminacy dimension in the T-I-F compass. Public 

domain. 

The concept originates with the fifteenth-century cardinal and philosopher 

Nicholas of Cusa, who argued in his 1440 work De Docta Ignorantia—On Learned 

Ignorance—that the highest form of knowledge is the recognition of one’s own 

ignorance, and that the ultimate reality (which Cusa identified with God) 

transcends the categories of human thought, including the categories of true and 

false. In the divine, Cusa argued, opposites coincide: the maximum is the 

minimum, the infinite is the finite, the particular is the universal. Human reason, 

which operates by distinguishing opposites, cannot fully comprehend a reality in 

which opposites are united. 

This might sound like mysticism, and in Cusa’s theological context, it partly is. 

But the philosophical structure is rigorous and deeply relevant. Cusa was arguing 

that the binary framework of human logic—this is true OR this is false, this is 

large OR this is small, this is the same OR this is different—is a feature of our 

cognitive architecture, not of reality itself. Reality may contain states that our 

binary framework cannot represent. And the appropriate response to 

encountering such states is not to force them into one category or the other, but 

to develop a form of knowledge—docta ignorantia, learned ignorance—that can 

hold the tension. 

The term docta ignorantia is worth pausing on, because it captures something 

essential that modern discourse has lost. “Ignorance” in our everyday language is 

purely negative—it means a lack of knowledge, a deficiency to be remedied. But 

Cusa’s “learned ignorance” is something else entirely. It is the knowledge of what 

you do not know, articulated with precision and held with discipline. It is the 

opposite of the confident ignorance we identified in Chapter 1. Where confident 

ignorance is the machine that does not know it does not know, docta ignorantia is 

the thinker who knows exactly what they do not know, can specify the boundaries 

of their knowledge, and can act intelligently within those boundaries. 
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This distinction—between ignorance that is blind and ignorance that is 

informed—is perhaps the single most important idea in this book. Every time you 

use the T-I-F compass, you are practicing a form of docta ignorantia. When you 

assess I and find it high, you are not failing. You are succeeding at the most 

difficult intellectual task there is: recognizing the edges of your knowledge clearly 

enough to navigate by them. Cusa saw this in 1440. The Salamancans 

operationalized it in the 1500s. We need to build it into our machines in the 

2020s. 

Cusa’s influence flowed through the Salamancan school in several ways. 

Vitoria and his colleagues were familiar with Cusa’s work, and their concept of 

probable conscience shares its fundamental structure: the recognition that moral 

and epistemic reality often exceeds the binary categories we use to describe it, 

and that honest engagement with this excess is more valuable than false 

resolution. When Vitoria argued that the conquest was neither clearly just nor 

clearly unjust—that both assessments had probable support—he was practicing a 

form of coincidentia oppositorum applied to moral judgment. 

The tradition also connects to the Sephardic Kabbalistic thought that was 

present in late medieval and early modern Spain. The Kabbalistic concept of the 

sefirot—the ten emanations or attributes of the divine—includes pairs of 

opposites (mercy and judgment, expansion and contraction) that coexist in 

dynamic tension without resolving into synthesis. This is not Hegelian dialectic, 

where thesis and antithesis merge into a higher synthesis. It is a logic of 

productive coexistence, where the tension between opposites is itself a form of 

knowledge, not a problem to be eliminated. 

Spain in the fifteenth and sixteenth centuries was a unique intellectual 

crucible. Christian, Islamic, and Jewish intellectual traditions had coexisted on 

the Iberian Peninsula for centuries, and despite the violent ruptures of the 

Reconquista and the Expulsion, the cross-pollination of ideas continued through 

converted scholars, shared libraries, and the simple persistence of intellectual 

habits. The Salamancan school operated in the aftermath of this convergence. 
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When Vitoria and Suárez developed frameworks for handling contradictory 

moral opinions, they were working in a culture that had recent, living memory of 

what it meant for fundamentally different knowledge systems to occupy the same 

space. The coincidentia oppositorum was not just a philosophical concept for 

them. It was the intellectual atmosphere they breathed. 

We draw attention to this because it illuminates a crucial contrast. When 

René Descartes, a century later, sought a foundation for knowledge, he started 

with doubt—but he used doubt as a tool to reach certainty. The Cartesian method 

is: doubt everything until you find something indubitable, and then build 

outward from that rock of certainty. Descartes’s doubt was temporary. It was a 

method for eliminating uncertainty, not for living with it. And it produced the 

philosophical tradition that most directly influenced modern science and, 

through science, computing: a tradition that treats certainty as the goal, doubt as 

a transitional state, and ambiguity as a problem to be solved. 

The Salamancans went in the opposite direction. Their doubt was not a tool 

for reaching certainty. It was a permanent operating condition. Probable 

conscience does not aspire to become certain conscience. It aspires to act wisely 

within the constraints of irreducible uncertainty. The agent who acts on a 

probable opinion does not expect the uncertainty to resolve. They expect to 

remain uncertain, to continue gathering evidence, to maintain the disposition for 

revision. This is a fundamentally different relationship with not-knowing—and it 

is the one we need for AI, where the uncertainty will not resolve, where the 

evidence will always be partial, and where the wisest response to many questions 

is a structured, honest assessment of what is known, what is unknown, and what 

is contradicted. 

Descartes gave us the dream of certainty. The Salamancans gave us the 

discipline of productive doubt. For four hundred years, Descartes won. We built 

our machines on his vision. Now those machines are encountering the limits of 

his vision. And the Salamancans’ alternative—humble, careful, proportional, 

honest about what it does not know—turns out to be exactly what we need. 
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We are drawing this intellectual genealogy not to claim that the Salamancan 

theologians were proto-computer-scientists, but to demonstrate something more 

important: the insight that binary logic is insufficient for representing the full 

complexity of knowledge is not new. It is not a product of the AI age. It is not 

even a product of the modern age. It has been articulated, developed, and 

practiced by serious thinkers for over six hundred years. And it has been 

consistently marginalized by the dominant binary tradition—not because it was 

refuted, but because the binary tradition was more useful for the kinds of 

problems that drove technological progress: building bridges, balancing 

equations, designing circuits. 

Now we are building systems that do not solve equations or design circuits. 

We are building systems that navigate the full messiness of human knowledge—

systems that must handle contradiction, ambiguity, and the limits of their own 

understanding. And the binary tradition that served us so well for those earlier 

tasks is failing us, spectacularly, for this one. The tradition of coincidentia 

oppositorum—of learned ignorance, of productive doubt, of the coexistence of 

opposites—offers exactly what the binary tradition lacks. 

•    •    • 

The Objection: “This Is Too Remote to Be Relevant” 

We can hear the pragmatic reader’s objection forming: “This is interesting 

intellectual history, but what does a sixteenth-century theological debate about 

the conquest of the Americas have to do with my Tuesday afternoon, when I’m 

trying to decide whether to trust an AI-generated market analysis?” 

The answer is: everything. Not because you need to study Scholastic theology 

to use the T-I-F compass—you don’t—but because the Salamancan framework 

explains why the compass works, and why the alternative (pretending every 

question has a clean answer) fails. 
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The Salamancans identified four principles that translate directly into the AI 

context: 

Principle one: Uncertainty is a feature of reality, not a deficiency of the 

observer. When the evidence genuinely points in multiple directions, the 

appropriate response is not to pick a direction and pretend the others don’t exist. 

It is to acknowledge the multiplicity and calibrate your action accordingly. This is 

what the T-I-F compass does: it preserves the multiplicity instead of collapsing it 

into a single number. 

Principle two: The obligation to investigate is proportional to the stakes. The 

Salamancans argued that casual decisions can tolerate higher uncertainty, but 

decisions with irreversible consequences demand much more careful assessment. 

This is the same logic behind the three-tiered decision protocol that Chapter 6 

will present: Quick Check for low-stakes decisions, Investigation Protocol for 

medium-stakes, Full Audit for high-stakes. The Salamancans had this calibration 

five centuries ago. 

Principle three: False certainty is more dangerous than honest uncertainty. 

The Crown’s demand for a clean moral justification of the conquest was more 

dangerous than the theologians’ refusal to provide one, because the clean 

justification enabled catastrophic action on insufficient grounds. In the AI 

context: a model’s clean, confident answer to a Contradiction-zone question is 

more dangerous than an honest “the evidence is mixed”—because the confident 

answer enables the user to act without investigating, while the honest assessment 

triggers appropriate caution. 

Principle four: The capacity to say “I don’t know” is a mark of intellectual 

sophistication, not of ignorance. The Salamancans held that docta ignorantia—

learned ignorance, the conscious and articulate awareness of what one does not 

know—was a higher form of knowledge than dogmatic certainty. This is perhaps 

the most countercultural idea in the entire book, and it is the one I most want you 

to carry into your professional life. The smartest sentence in many conversations 
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is “I don’t have enough information to answer that confidently.” The 

Salamancans formalized this insight. We need to re-learn it. 

Let me make this concrete. Imagine you are a policy advisor and your minister 

asks: “Should we implement a universal basic income in this province?” You 

consult an AI system. It produces a confident analysis recommending 

implementation, citing successful pilots in Finland and Kenya. Now run the 

Salamancan principles. Principle one: the evidence genuinely points in multiple 

directions—some pilots succeeded, others had mixed results, and the outcomes 

depended heavily on local economic conditions. Principle two: the stakes are high 

and partially irreversible—once a major fiscal commitment is made, reversing it 

is politically and economically costly. Principle three: a confident “yes, 

implement” is more dangerous than an honest “the evidence is mixed, here are 

the conditions under which it works and the conditions under which it doesn’t.” 

Principle four: the sophisticated answer is not yes or no—it is a structured 

assessment of what we know, what we don’t, and what the implications of each 

are. 

Vitoria, facing the Crown’s demand for certainty about the conquest, 

produced exactly this kind of structured assessment. He did not say the conquest 

was wrong. He did not say it was right. He said the question was harder than the 

Crown was willing to admit, and that the appropriate response to that difficulty 

was not a clean answer but a careful, multi-dimensional evaluation. That is the 

same response this book is teaching you to demand from every AI system you 

consult. 

•    •    • 

Sahagún and the Birth of Hybrid Knowledge 

There is one more figure from this period who demands attention, because his 

work represents the most radical application of the Salamancan principles: 

Bernardino de Sahagún, a Franciscan friar who arrived in Mexico in 1529. 
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Sahagún was neither a pure colonizer nor a pure defender of indigenous 

rights. He was something more complex and, for our purposes, more interesting: 

he was an epistemologist of the encounter. His life’s work, the monumental 

Historia General de las Cosas de Nueva España (known to scholars as the 

Florentine Codex), was a twelve-volume ethnographic encyclopedia of Aztec 

civilization, compiled over decades through direct collaboration with indigenous 

informants who described their own culture in Nahuatl, the Aztec language. 
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Figure 3.4. A page on agriculture from the Florentine Codex (c. 1577), compiled by 

Fray Bernardino de Sahagún with indigenous Nahua collaborators. The manuscript 

preserves both European and indigenous perspectives side by side — sometimes 
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agreeing, sometimes contradicting — without collapsing them into a single narrative. 

Sahagún's method embodies the T-I-F compass principle of operating in the 

Contradiction zone without forcing resolution: presenting the landscape of agreement, 

disagreement, and open questions rather than selecting one perspective and suppressing 

the other. Public domain. 

What makes Sahagún’s project remarkable is not just its scale but its 

epistemological method. Sahagún did not simply describe Aztec civilization from 

a European perspective. He created a bilingual, multi-perspective document in 

which the indigenous voice and the European voice coexist on the page—

sometimes agreeing, sometimes contradicting, sometimes addressing completely 

different aspects of the same phenomenon. The Florentine Codex is, in its 

structure, a document with high T and high F simultaneously: a text that 

supports multiple, sometimes contradictory, interpretations of the same reality. 

Sahagún did not try to resolve these contradictions. He preserved them. He 

recognized that the encounter between European and Mesoamerican knowledge 

systems produced a form of knowledge that was richer than either system alone 

precisely because it maintained the tension between them. A synthesis—

collapsing the two perspectives into one—would have lost information. The 

bilingual, multi-perspective format preserved it. 

This is, in the language of the T-I-F compass, a deliberate decision to operate 

in the Contradiction zone without forcing resolution. And it is, we believe, a 

model for how AI systems should handle contradictory sources: not by selecting 

one and suppressing the other, not by averaging them into a false consensus, but 

by presenting the user with a structured account of where sources agree, where 

they disagree, and where the questions remain open. Sahagún did this on paper 

in the 1560s. We have yet to achieve it in silicon in the 2020s. 

Consider what a Sahagún-inspired AI system would look like. When you ask a 

modern search engine or AI assistant a question on a contested topic—say, the 

effectiveness of a controversial educational policy—you get a single synthesized 

response that picks a position. A Sahagún-inspired system would instead present 
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you with the landscape: here is what proponents argue, with their evidence (T); 

here is what critics argue, with their evidence (F); here are the unresolved 

questions that neither side has adequately addressed (I). It would preserve the 

bilingual, multi-perspective structure that Sahagún pioneered. It would treat the 

disagreement not as noise to be filtered but as signal to be presented. The user, 

not the machine, would decide how to navigate the landscape. 

This is not a fantasy. The mathematical tools to build such a system exist—

they are precisely what the T-I-F compass provides. What has been missing is the 

intellectual tradition that treats multi-perspective knowledge presentation as a 

goal rather than a failure. Sahagún had that tradition. We need to recover it. 

•    •    • 

What the Monks Could Not See 

The Salamancan theologians achieved something extraordinary. They formalized 

productive doubt. They developed a decision framework for acting under genuine 

uncertainty. They insisted that false certainty was more dangerous than honest 

ignorance. And they applied these principles to the most consequential moral 

crisis of their age, with courage and rigor. 

But they had a blind spot. And their blind spot is the reason this book has a 

Chapter 4. 

The Salamancans developed their framework for uncertainty within the 

European intellectual tradition. They drew on Aristotle, on Roman law, on 

Christian theology, on the emergent traditions of natural law. Their framework 

was powerful—but it was built with European tools, for European problems, 

evaluated by European standards. Even Las Casas, who came closest to 

recognizing the autonomous intellectual validity of indigenous knowledge 

systems, ultimately framed his argument in terms of Christian natural law. He 

argued that the indigenous peoples had rights because they met the criteria for 
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rational agency as defined by European philosophy—not because they had their 

own, independent criteria for what constituted a valid knowledge system. 

This limitation is not a minor footnote. It is a structural feature of the 

Salamancan framework, and it directly limits its applicability to the AI problem. 

The Salamancans could formalize uncertainty within a single intellectual 

tradition. They could not—or did not—formalize the encounter between 

traditions. They could acknowledge that the evidence about the conquest was 

contradictory, but they could not fully represent the form of knowledge that 

existed on the other side of the encounter: a way of thinking that did not merely 

tolerate the coexistence of opposites but built entire civilizations on it. 

In a sense, the Salamancans solved half the problem. They solved the problem 

of doubt: how to act wisely when you are not sure. But they did not solve the 

problem of contradiction: how to hold two opposing truths as simultaneously 

valid without resolving the tension. Their framework could represent high I 

(uncertainty, acknowledged and managed). It could represent the coexistence of 

T and F within a single evaluative tradition (my reasons for and my reasons 

against). What it could not represent was the coexistence of entire knowledge 

systems—frameworks so different that they could not even agree on what counted 

as a reason. For that, you need a logic that does not just tolerate contradiction but 

embraces it as a structural feature of knowledge. You need a logic that treats the 

excluded middle not as a regrettable gap to be managed but as the most fertile 

territory on the map. 

That way of thinking was not invisible in the sixteenth century. It was 

operating in plain sight—in the stone gateways of Tiwanaku, in the agricultural 

terraces of the Andes, in the textile patterns of Aymara weavers, in the calendar 

systems of the Maya. It was a logic that had been running, successfully, for 

centuries before the Europeans arrived. And it had a feature that the Salamancan 

framework lacked: it did not treat the coexistence of opposites as a problem to be 

managed or a discomfort to be endured. It treated it as the fundamental structure 

of reality. 
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In the Andes, the concept is called yanantin: the complementary unity of 

opposites. In Aymara sociological thought, the concept is called ch’ixi: the 

irreducible coexistence of contradictory identities. In Maya philosophy, the 

concept is called In Lak’ech: I am another you, the relational constitution of 

identity. These are not metaphors. They are not folk beliefs. They are 

sophisticated epistemic frameworks that have been operating at the civilizational 

scale for millennia. 

And they converge, with a precision that we find intellectually astonishing, on 

the same three-dimensional structure that the T-I-F compass formalizes: truth 

and contradiction can coexist without resolution. Uncertainty is not a gap but a 

dimension. And the space between opposites is not empty—it is where the most 

important knowledge lives. 

The monks of Salamanca gave us productive doubt. The civilizations of the 

Americas gave us productive contradiction. They are two halves of the same 

insight, separated by an ocean and a catastrophic failure of recognition. The next 

chapter brings them together. 

It begins not in a lecture hall but on a mountainside in the Andes, circa 500 

CE, where a master stonemason is carving a gateway that encodes, in stone, a 

logic that the monks of Salamanca were only beginning to approach in words: the 

logic of complementary opposites, where truth and its contradiction are not 

enemies but partners, and the space between them is not a void but the very 

structure of reality. 

The stonemason had no university. He had no Aristotle to argue against and 

no written tradition of formal logic. What he had was something the Western 

tradition has only now begun to formalize: an operating system for knowledge in 

which the Third Answer is not a special case but the default mode of 

understanding. In the Andes, the excluded middle was never excluded. It was 

where they built their temples. 
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— End of Chapter Three — 
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C H A P T E R  F O U R  

Neither One Nor the Other 

“The Indigenous world does not operate through 
exclusionary dualisms, but through inclusive 

dualities.”— Inspired by Rodolfo Kusch, América 
Profunda (1962) 

On the high plateau of Bolivia, at an altitude where the air thins and the light 

sharpens into something almost metallic, there is a ruin that should not make 

sense. 

 

Figure 4.1. The Gateway of the Sun (Puerta del Sol), Tiwanaku, Bolivia, at 3,850 meters 

elevation near Lake Titicaca. Carved from a single block of andesite stone circa 500 CE, 

the gate encodes yanantin — the Andean principle that complementary opposites coexist 
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as a unified whole without resolving into synthesis. This cosmological framework, which 

structured Tiwanaku's architecture, agriculture, and social organization for centuries, 

maps structurally onto the neutrosophic condition T + F > 1.0: a state where truth and its 

contradiction are both present, and the space between them is not a problem to be solved 

but a reality to be inhabited. Photograph: Wikimedia Commons (CC BY-SA 4.0). 

The site is Tiwanaku, about forty miles from the shores of Lake Titicaca, and 

the ruin in question is the Gate of the Sun—a single block of andesite stone, 

roughly ten feet tall and thirteen feet wide, carved with an intricate frieze of 

winged figures flanking a central deity. Archaeologists date it to roughly 500 CE, 

a thousand years before the Spanish arrived. Tourists photograph it. Guidebooks 

describe it. But almost no one talks about the feature of the gate that is, for the 

purposes of this book, the most important. 

The gate is oriented so that at the equinox, sunlight passes through it in a way 

that marks both the rising and the setting of the sun in the same architectural 

gesture. The doorway encodes two contradictory solar events—dawn and dusk, 

beginning and ending—in a single structure. To a modern Western observer 

raised on Aristotelian logic, this is a pleasing aesthetic effect. To the civilization 

that built it, it was something else entirely: a statement about the fundamental 

structure of reality. The gate does not show the sunrise and the sunset as separate 

events that happen to share a frame. It shows them as two aspects of a single 

phenomenon—complementary, inseparable, and simultaneously true. 

The Andean principle that this gate embodies is called yanantin. And yanantin 

is, we will argue in this chapter, the most sophisticated pre-modern articulation 

of the logical structure that the T-I-F compass formalizes: the idea that truth and 

its apparent opposite can coexist, not as a contradiction to be resolved, but as the 

natural shape of knowledge about a complex world. 

This chapter will take you through four intellectual traditions from the 

Americas, each contributing something distinct and essential to the framework 

this book is building. Yanantin, from the Quechua tradition, gives us the 

structure of complementary opposition. Ch’ixi, from the Aymara tradition, gives 
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us the radical insistence on non-resolution. In Lak’ech, from the Maya tradition, 

gives us the relational nature of knowledge. And Sumak Kawsay, from the 

Quechua concept of Buen Vivir, gives us the ethical boundaries of knowing. 

Together, they compose the other half of the Third Answer—the half that the 

monks of Salamanca, for all their brilliance, could not provide. 

If the monks of Salamanca gave us the first half of the Third Answer—

productive doubt, the discipline of acknowledging what we don’t know—then the 

civilizations of the Americas gave us the second half: productive contradiction, 

the discipline of holding what we know and what opposes it in the same frame 

without flinching. Together, they form the complete intellectual architecture 

behind the compass. And the fact that you have almost certainly heard of 

Descartes but not of yanantin tells you something important about which 

intellectual traditions the builders of our digital world chose to inherit, and which 

they chose to ignore. 

•    •    • 

Yanantin: The Logic of Complementary Opposites 

To understand yanantin, you must first abandon a reflex that Western education 

has trained into you so deeply that you probably do not notice it: the reflex to 

resolve contradiction. 

When you encounter two statements that point in opposite directions—“This 

therapy helps patients” and “This therapy harms patients”—your trained instinct 

is to resolve the tension. One must be right and the other wrong. Or one applies 

in some circumstances and the other in different circumstances. Or both are 

partially true, and the real answer is somewhere in the middle—a blended, 

averaged, compromise position. Western logic demands resolution. It demands 

that you choose, synthesize, or average. It cannot hold both propositions as 

simultaneously, fully valid without triggering the principle of explosion: from a 

contradiction, anything follows, so the contradiction must be eliminated. 
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Yanantin refuses the resolution. In Quechua cosmovision—the knowledge 

system of the Andean civilizations that built Tiwanaku, developed the Inca road 

system, and engineered agricultural terraces at altitudes that modern agronomy 

considers impossible—reality is structured in complementary pairs. Hanan and 

hurin (upper and lower). Lluq’i and paña (left and right). Qhari and warmi 

(masculine and feminine). Tuta and p’unchay (night and day). These are not 

opposites in the Western sense—that is, they are not in competition, with one 

needing to prevail over the other. They are complements: each defines and 

completes the other. Neither is intelligible without its partner. And the space 

between them is not a void to be filled with a compromise. It is the generative 

center of reality—the place where new things come into being. 

This is not a metaphor. The Andean civilizations organized their entire social, 

agricultural, political, and spatial systems around yanantin. Communities were 

divided into hanan (upper) and hurin (lower) halves, each with distinct roles and 

responsibilities, each contributing what the other could not. Agricultural terraces 

were designed in complementary pairs at different altitudes, so that if one crop 

failed due to frost, the other survived, and vice versa—a practical application of 

holding contradictory outcomes as simultaneously real rather than betting 

everything on one. The Inca road system had dual paths that served 

complementary functions. Even the organization of labor was yanantin: tasks 

were divided between complementary groups, not as a hierarchy but as a 

partnership in which each half was necessary and neither was superior. 

The most striking example is the raised-field agricultural system of the 

Altiplano—the suka kollus—a technology so sophisticated that when modern 

agronomists reconstructed it experimentally in the 1980s, the reconstructed 

fields outperformed contemporary farming methods by factors of two to three. 

The raised fields worked by holding two contradictory thermal conditions 

simultaneously: the earth platforms absorbed solar heat during the day, creating 

warm planting surfaces, while the water channels between them radiated heat at 

night, protecting crops from the killing frosts that make agriculture at 12,500 feet 

of altitude nearly impossible by conventional methods. Neither condition alone—
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warm without cold protection, or cold protection without warm growing 

surfaces—could sustain the system. It was the coexistence of both, designed into a 

single integrated architecture, that made the impossible possible. The engineers 

did not resolve the thermal contradiction. They built a system that required it. 

We dwell on this example because it is the most powerful refutation of the 

idea that holding contradictions is illogical or impractical. The suka kollus fed 

millions of people for centuries under conditions that Western agronomy 

considered untenable. The logic that made them work was not binary. It was 

yanantin: complementary opposites, held in productive tension, generating an 

outcome that neither pole alone could achieve. If this logic can feed a civilization, 

it can certainly inform how we build information systems. 

When we first encountered yanantin in the anthropological literature, I felt a 

shock of recognition. Here was a civilization that had been operating, at scale and 

for centuries, with a logical framework that formalized exactly what the T-I-F 

compass represents: the idea that a claim can be simultaneously well-supported 

(T is significant) and well-contradicted (F is significant), and that this state—

which Western logic treats as a catastrophic error—is actually the normal 

condition of knowledge about a complex world. The Andean response to this 

condition was not to panic, not to force a resolution, not to pick one side and 

suppress the other. It was to build institutions, systems, and architectures that 

could hold the tension productively. 

We need to distinguish this carefully from the most common Western 

framework for handling opposites: Hegelian dialectic. In Hegel’s system, thesis 

and antithesis collide and produce a synthesis—a new, higher-order proposition 

that resolves the contradiction by incorporating both sides into a third thing. 

Dialectic is enormously influential. It shapes how we think about progress, about 

political debate, about intellectual development. And it is fundamentally different 

from yanantin. 

In yanantin, there is no synthesis. The opposites do not resolve into a third 

thing. They remain. The upper and lower halves of the community do not merge 
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into a unified whole. They continue to exist as distinct, complementary partners, 

each maintaining its identity, each contributing what the other cannot. The goal 

is not resolution but productive coexistence. The tension is not a stage to be 

transcended. It is the engine of the system. 

This distinction matters enormously for AI. When an AI system encounters 

contradictory evidence and produces a synthesized response—averaging the 

positions, finding the middle ground, constructing a narrative that incorporates 

both sides into a smoothed whole—it is performing Hegelian dialectic. And in 

many cases, it is performing it badly, because the synthesis destroys information 

about the original disagreement. A yanantin-informed system would not 

synthesize. It would hold the complementary pair intact and present it to the user 

as a structured duality—here is position A with its evidence, here is position B 

with its evidence, and here is the space between them where your judgment must 

operate. 

Let me translate this into the language of the AI problem. When a modern 

search engine retrieves ten sources about a medical treatment and five support it 

while five raise concerns, the system faces a yanantin situation: complementary 

evidence pointing in two directions. The current response is to average, rank, or 

select—to resolve the tension into a single answer. A yanantin-informed system 

would do something different. It would present the complementary pair: here is 

the supporting evidence, here is the opposing evidence, and here is the 

productive space between them where your decision must live. It would not treat 

the disagreement as noise to be filtered. It would treat it as signal to be preserved. 

This is not merely a design suggestion. It is an argument about information 

fidelity. When you collapse a yanantin state into a single answer, you lose 

information—specifically, you lose the information about the structure of the 

disagreement, which is often more valuable than either position alone. Knowing 

that experts disagree, and knowing specifically how they disagree and under what 

conditions each position holds, is far more useful for decision-making than a 

smooth, confident synthesis that hides the disagreement behind a veil of false 
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consensus. The Andean tradition understood this five centuries ago. We are still 

learning it. 

This is not a romantic idealization of indigenous thought. It is a concrete 

architectural principle with direct engineering implications. The T-I-F compass, 

when it shows high T and high F simultaneously, is encoding a yanantin state. 

And the Andean tradition offers five centuries of practical evidence that such 

states can be navigated productively—not by resolving the contradiction, but by 

building systems that hold it. 

Let me formalize this, because the precision of the mapping is part of the 

argument. In the T-I-F compass, a yanantin state has a specific signature: T is 

high (one pole of the complementary pair is well-supported), F is high (the 

opposite pole is also well-supported), and I occupies the generative space 

between them (the questions that neither pole alone can answer). In Andean 

practice, this maps onto the agricultural terrace system: the upper-altitude crop 

(one pole) has strong evidence of viability in cold conditions (T is high). The 

lower-altitude crop (the opposite pole) has strong evidence of viability in warmer 

conditions (F is high—“false” relative to the first pole’s conditions). And the 

question of which will actually produce the harvest in any given year—given the 

unpredictability of Andean weather—lives in the I. The Andean farmer does not 

resolve the contradiction by choosing one altitude. The farmer plants both, holds 

the complementary pair, and harvests whichever the world gives. This is not 

hedging. It is the deliberate operationalization of a paraconsistent epistemic 

state. 

There is a related concept that deepens the picture: ayni, the Quechua 

principle of reciprocity. Ayni is not simple exchange. It is the principle that every 

action creates an obligation, that every gift demands a return, and that the 

balance of the system depends on the continuous flow of reciprocal action 

between complementary partners. In the context of knowledge, ayni suggests that 

the relationship between T and F is not static but dynamic: the supporting 

evidence and the contradicting evidence are in ongoing conversation with each 



 

 98 

other, each modifying and conditioning the other over time. A yanantin state is 

not a snapshot. It is a process—a continuously negotiated balance between 

complementary truths. 

This dynamic quality is precisely what my LED framework—the Lógica 

Epistémica Dinámica that we will return to in Chapter 6—captures 

mathematically: epistemic states that evolve through time as new evidence 

arrives, with the relationship between T, I, and F shifting through operators of 

Refinement, Conflict, and Resolution. The Andean principle of ayni is a 

philosophical anticipation of dynamic epistemic logic. The formal notation is 

different. The structure is the same. 

•    •    • 

Ch’ixi: The Logic of the Stain 

If yanantin is the Andean principle of complementary duality, ch’ixi is its radical, 

uncomfortable descendant—a concept that takes the coexistence of opposites into 

territory that makes even the concept of complementarity look too tidy. 

The term comes from the Aymara language and was developed into a rigorous 

analytical concept by the Bolivian sociologist Silvia Rivera Cusicanqui, one of the 

most important Latin American thinkers of the past half century. Rivera 

Cusicanqui is not an armchair theorist. She is an activist-intellectual who has 

spent decades working with Aymara and Quechua communities, co-founding the 

Taller de Historia Oral Andina (Workshop on Andean Oral History), and 

developing analytical frameworks that emerge from indigenous practice rather 

than being imposed on it from academic distance. Her work is often cited in 

postcolonial and decolonial studies, but its implications for logic, epistemology, 

and—we will argue—for artificial intelligence have been almost entirely 

overlooked. 

Rivera Cusicanqui coined ch’ixi in explicit opposition to the concept of 

mestizaje—the Latin American ideology of racial and cultural mixing that frames 
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the encounter between European and indigenous identities as producing a 

blended, synthesized third identity. Rivera Cusicanqui argues that mestizaje is a 

form of epistemic violence: it erases the distinctness of indigenous identity by 

dissolving it into a blend, producing the appearance of inclusion while actually 

performing a sophisticated form of erasure. The “gray” of mestizaje looks like 

harmony from a distance. Up close, it is the disappearance of the black and white 

threads. 

Ch’ixi refers to a specific visual and conceptual state. Imagine an Aymara 

textile woven from black and white threads. Seen from a distance, the fabric 

appears gray. But seen up close, it is not gray at all. The black threads and the 

white threads are both fully visible, distinct, unblended. The fabric is 

simultaneously black and white—not gray, not a mixture, not a synthesis. Each 

color retains its full identity. The apparent gray is an optical effect of distance, not 

a property of the weave. Move closer, and the gray disappears. The reality is 

ch’ixi: two contradictory things coexisting without merging, each fully itself, 

producing a whole that is irreducible to either part. 

Rivera Cusicanqui used ch’ixi to describe the condition of Andean identity in 

the postcolonial world. An Aymara person in contemporary La Paz is not 

“mestizo”—not a blend of indigenous and European identity in which both 

originals are dissolved into a third thing. They are ch’ixi: simultaneously 

indigenous and modern, Aymara and Bolivian, participating in two knowledge 

systems at once without either one canceling the other. The identities coexist. The 

contradictions are real. And the person navigates them not by choosing one or 

averaging them but by maintaining both, fully, in productive tension. 

Why does this matter for AI? Because ch’ixi describes a state that current AI 

systems handle very badly and that the T-I-F compass can represent precisely. 

Consider what happens when an AI system encounters contradictory 

information about a contested topic—say, the economic effects of immigration. 

Some sources say immigration boosts economic growth. Other sources say 

immigration depresses wages for low-skilled workers. A current AI system will 
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typically do one of three things: pick the majority view and present it as the 

answer, average the perspectives into a bland both-sides summary, or present 

each perspective as if it exists in isolation. All three approaches lose information. 

Picking a side loses the F. Averaging loses both the T and the F by replacing 

them with a synthetic gray that does not correspond to any real position. And 

presenting perspectives in isolation loses the productive tension between them—

the yanantin relationship that gives each perspective meaning in relation to its 

complement. 

A ch’ixi-informed approach would do something different. It would present 

the contradictory evidence in a way that preserves the distinctness of each 

position—the black and white threads both visible, unblended, each fully 

articulated—while showing the reader that they are woven into a single fabric of 

knowledge about a genuinely complex phenomenon. The reader would see that 

immigration both boosts growth (in certain sectors, for certain metrics, over 

certain time horizons) and depresses wages (in certain labor markets, for certain 

populations, in certain regions). These are not opposing opinions between which 

the reader must choose. They are complementary descriptions of a complex 

reality. The T is real. The F is real. And the space between them—the I, the 

genuinely uncertain territory of how these effects interact, who bears the costs, 

and what the long-term dynamics look like—is where the important questions 

live. 

Ch’ixi tells us something that the Western intellectual tradition has 

systematically refused to hear: that the resolution of contradiction is not always 

an intellectual advance. Sometimes it is an intellectual loss. Sometimes the gray—

the synthesis, the average, the consensus—destroys information that the black 

and white threads, held in tension, preserve. A system that can maintain ch’ixi 

states—high T and high F simultaneously, with each fully articulated—is not 

confused. It is more faithful to reality than a system that forces resolution. 

This principle has a precise mathematical analogue. In information theory, 

compressing two distinct signals into a single averaged signal loses information—
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you cannot recover the original signals from the average alone. When an AI 

system takes five sources that say “yes” and five that say “no” and produces a 

response that says “probably yes, but it’s complicated,” it has performed exactly 

this lossy compression. The original disagreement—the texture of the evidence, 

the distinctness of the opposing positions, the specific reasons each side gives—is 

gone. Rivera Cusicanqui would recognize this immediately. The system has 

produced mestizaje—a synthetic blend—where ch’ixi was called for. The gray has 

replaced the visible black and white threads. Information has been destroyed in 

the name of coherence. 

One of us (M.L.V.) teaches postgraduate students in Guayaquil, and sees this 

every week. A student uses an AI system to research a contested policy question. 

The system returns a smooth, balanced summary. The student reads it and thinks 

they understand the topic. But the summary has erased precisely the information 

that would have made the student’s analysis valuable: the texture of the 

disagreement, the specific conditions under which each position holds, the 

reasons the debate exists at all. The student received gray. They needed to see the 

black and white threads. 

Building ch’ixi awareness into AI systems is not a cultural gesture. It is an 

engineering requirement for any system that claims to handle complex, contested 

information faithfully. And it is precisely what the T-I-F compass enables: the 

preservation of high T and high F as distinct, fully articulated dimensions, 

without collapsing them into a synthetic middle. 

•    •    • 

In Lak’ech: I Am Another You 

The Andean traditions of yanantin and ch’ixi address the structure of knowledge: 

how truth and contradiction coexist within a single domain. The Maya 

philosophical tradition contributes something different but equally essential: a 

theory of how knowledge depends on relationship, and why isolated evaluation—
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the assessment of any claim as a standalone proposition—is fundamentally 

incomplete. 

In Lak’ech is a phrase from the Yucatec Maya tradition, often translated as “I 

am another you” or “You are my other self.” Its complementary response is Hala 

Ken: “You are another me.” Together, they express a principle that Western 

philosophy would call relational ontology: the idea that identity is not a property 

of isolated individuals but a product of relationships between them. I do not first 

exist and then enter into relationships. I exist through and as relationships. My 

identity is constituted by my connection to you, and yours by your connection to 

me. 

Western philosophy has its own versions of relational thinking—Martin 

Buber’s I-Thou, Emmanuel Levinas’s ethics of the face, even the later 

Wittgenstein’s insight that meaning is constituted by use within a language 

community. But In Lak’ech goes further than any of these, because it does not 

treat relationality as a feature of ethics or language alone. It treats it as a feature 

of reality itself. The claim is not “we should treat others as related to us.” The 

claim is “we are constitutively related. Separation is the illusion. Connection is 

the fact.” 

This is not just a social or ethical principle, though it is that too. It is an 

epistemological principle—a claim about how knowledge works. And its 

implication for AI is more direct than it might appear. 

In the current paradigm, an AI system evaluates each claim independently. It 

assigns a confidence score to each output as if the output existed in isolation—as 

if the reliability of the answer to Question A had nothing to do with the reliability 

of the answer to Question B. But in practice, knowledge is relational. The 

reliability of a medical diagnosis depends on the quality of the patient history, 

which depends on the accuracy of the laboratory results, which depends on the 

calibration of the instruments, which depends on the institutional context. No 

claim exists in isolation. Every claim’s truth-value is constituted by its 

relationships to other claims. 
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In Lak’ech, translated into the language of AI uncertainty, suggests that the T, 

I, and F values of a claim should be evaluated not in isolation but in relation to 

the network of claims they are connected to. A claim with T = 0.8 that is 

supported by other claims with T = 0.9 is more reliable than a claim with T = 0.8 

that is supported by claims with T = 0.3. The number is the same. The relational 

context is different. And the relational context is where the real information lives. 

This insight connects directly to one of the most active frontiers in AI 

research: the development of knowledge graphs—networks of interconnected 

claims where the reliability of each node depends on the reliability of its 

neighbors. The Maya principle of In Lak’ech, articulated centuries before graph 

theory existed, anticipated the core insight of this research program: that 

knowledge is not a collection of independent facts but a web of relationships, and 

that the trustworthiness of any single node cannot be assessed without 

understanding its place in the web. 

When we write about neutrosophic knowledge graphs in our research—

networks where each edge carries a (T, I, F) value representing the degree of 

support, uncertainty, and contradiction in the relationship between two claims—I 

am formalizing, with contemporary mathematics, an epistemological structure 

that the Maya tradition articulated philosophically. The T-I-F compass evaluates 

individual claims. The relational principle of In Lak’ech extends the compass to 

evaluate claims in context, as parts of a knowledge network where each element 

is “another self” of every other element it is connected to. 

Here is a practical example. Suppose you ask an AI system about the safety of 

a particular pharmaceutical drug. The system retrieves a clinical trial showing 

positive results (T is high for safety). But that clinical trial was funded by the 

manufacturer. The funding relationship does not automatically invalidate the 

results, but it changes their epistemic status—it introduces a relationship that 

conditions the interpretation. A second study, conducted independently, shows 

slightly different results. The relationship between the two studies—their 
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methodological differences, their different funding structures, their different 

patient populations—is itself information about the reliability of each. 

A system that evaluates each study in isolation, as a standalone fact, misses 

the relational information. A system informed by In Lak’ech evaluates each study 

as part of a web: How does this study relate to others? What relationships 

condition its reliability? What do the patterns of agreement and disagreement 

across the network tell us? The individual T-I-F values are starting points. The 

relational structure is where the mature judgment lives. In Lak’ech tells us that 

no claim is an island. The T-I-F compass, extended into a relational network, 

makes this principle computable. 

•    •    • 

Sumak Kawsay: The Ethics of Not-Knowing 

There is one more concept from the indigenous philosophical traditions of the 

Americas that belongs in this chapter, and it concerns not the structure or the 

relational nature of knowledge but its ethics: the question of when to stop 

knowing. 

Sumak Kawsay—often translated as Buen Vivir, or “good living”—is a 

Quechua concept that has gained international visibility through its 

incorporation into the constitutions of Ecuador (2008) and Bolivia (2009). In 

Western discourse, it is usually presented as an alternative to GDP-based 

development: a model of well-being that values harmony with nature, community 

solidarity, and sustainability over economic growth. This presentation is accurate 

but incomplete. It misses the epistemological dimension of Sumak Kawsay—the 

dimension that matters for this book. 

At its philosophical core, Sumak Kawsay includes a principle that is almost 

entirely absent from the Western intellectual tradition: the idea that some forms 

of knowledge should not be pursued, that some questions should not be 

answered, and that some uncertainties should be respected rather than resolved. 
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Not because the knowledge is dangerous in an instrumental sense (though it may 

be), but because the act of knowing itself can disrupt the balance of 

relationships—between humans, between humans and nature, between the 

known and the unknown—on which well-being depends. 

This is a radical claim, and we want to be careful about how we present it, 

because it is easy to caricature. Sumak Kawsay is not anti-knowledge. It is not 

anti-science. It is not a prescription for deliberate ignorance. What it says is that 

the relentless drive to eliminate all uncertainty—to convert every I into a T or an 

F, to fill every gap in knowledge, to extract every possible answer from every 

possible question—is not an unqualified good. It is a drive that can become 

extractive, coercive, and destructive when it overrides the boundaries of what 

communities and ecosystems can sustain. 

In the AI context, this translates into a principle that is increasingly 

recognized but rarely formalized: the principle that some forms of AI output 

should be constrained not because the system cannot produce them, but because 

the system should not produce them. When an AI system is asked to predict an 

individual’s likelihood of committing a crime, or to generate a psychological 

profile from social media data, or to estimate the “productivity value” of a human 

employee, the system may be technically capable of producing an answer. But 

should it? The Sumak Kawsay perspective says: not necessarily. Some 

indeterminacies are not problems to be solved. They are boundaries to be 

respected. 

This connects to the Abstention Principle from Chapter 2, but it extends it in 

an important direction. In Chapter 2, I presented abstention as a response to high 

I—when the system genuinely doesn’t know enough to answer reliably. Sumak 

Kawsay adds an ethical dimension: there are situations where the system should 

abstain not because it lacks information, but because producing the information 

would cause harm, would violate the dignity of the persons involved, or would 

exceed the legitimate scope of what a machine should determine. 



 

 106 

Consider a concrete case. A school district considers deploying an AI system 

that predicts which students are “at risk” of dropping out, based on grades, 

attendance, family income, and neighborhood data. Technically, the system 

might achieve reasonable predictive accuracy. But what does it mean to label a 

fourteen-year-old as “at risk” based on their zip code and their parents’ income? 

The label carries consequences: it shapes how teachers perceive the student, how 

resources are allocated, how the student perceives themselves. And the 

indeterminacy at the heart of the prediction—the enormous range of possible 

futures that no algorithm can capture—is not a gap to be filled by better data. It is 

the child’s future, which is genuinely open and which deserves to be treated as 

genuinely open. The Sumak Kawsay response is not “build a better model.” It is: 

“Some questions about a child’s future should not be answered by a machine, 

regardless of the model’s accuracy, because the act of answering changes the 

reality it purports to predict.” 

This is not anti-technology sentiment. It is a principled boundary, grounded 

in a philosophical tradition that has spent centuries thinking about the 

relationship between knowledge, power, and human flourishing. And it is a 

boundary that the AI industry urgently needs, because the pressure to extract 

answers from every available dataset—to convert every I into a T or an F, to fill 

every gap, to predict every outcome—is one of the most dangerous dynamics in 

contemporary technology. 

This is not a marginal or exotic concern. The EU AI Act, the most significant 

piece of AI regulation in the world, explicitly prohibits certain categories of AI 

application: social scoring systems, real-time biometric surveillance in public 

spaces, and AI systems that exploit vulnerabilities of specific groups. These 

prohibitions are, in their philosophical structure, Sumak Kawsay claims: they 

assert that some forms of machine knowledge should not be produced, regardless 

of technical capability, because the act of producing them disrupts the balance of 

human dignity and autonomy on which social well-being depends. 
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The T-I-F compass, enriched by Sumak Kawsay, gains a fourth dimension that 

is not mathematical but ethical: not just “How true? How uncertain? How 

contradicted?” but “Should this be answered at all?” The first three questions are 

epistemological. The fourth is moral. And any complete framework for navigating 

AI uncertainty must include both. 

There is a growing movement in AI ethics that is arriving at similar 

conclusions through different routes. Researchers like Timnit Gebru, Abeba 

Birhane, and Sabelo Mhlambi have argued that the dominant frameworks for AI 

ethics—developed almost entirely within North American and European 

institutions—systematically neglect perspectives from the Global South, from 

indigenous communities, and from populations that bear the greatest costs of AI 

deployment while having the least voice in its design. The concept of “relational 

ethics” that Mhlambi draws from the Ubuntu philosophy of southern Africa—the 

idea that human dignity is constituted through relationship, not through 

individual autonomy—converges with In Lak’ech. The concept of “data 

sovereignty” that indigenous communities worldwide are asserting—the right to 

control how knowledge about their communities is collected, stored, and used—

converges with Sumak Kawsay. 

These convergences are not coincidental. They reflect a structural reality: the 

communities that have the longest experience navigating knowledge under 

conditions of genuine complexity, contradiction, and power asymmetry are the 

communities that the AI industry has most thoroughly excluded from its design 

processes. This book is, in part, an argument for reversing that exclusion—not as 

a gesture of inclusion for its own sake, but because these communities possess 

intellectual tools that the AI industry urgently needs and cannot generate from 

within its own tradition. 

•    •    • 

The Objection: “Isn’t This Romanticizing Indigenous Thought?” 
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We have been waiting for this objection since the beginning of the chapter, 

because it is the right one to raise. The history of Western engagement with 

indigenous intellectual traditions is littered with two opposite errors: dismissal 

(treating these traditions as primitive superstition) and romanticization (treating 

them as repositories of mystical wisdom that the West has lost). Both errors are 

forms of condescension. Both deny indigenous thinkers the respect of being 

engaged with on their own terms, as producers of rigorous, debatable, falsifiable 

intellectual work. 

We want to be explicit about what we are and are not claiming. 

We are not claiming that the Andean, Aymara, or Maya traditions consciously 

anticipated neutrosophic logic. They did not. They were addressing different 

questions, in different contexts, with different tools. The convergence between 

their intellectual structures and the T-I-F compass is a structural convergence—a 

case of independent arrival at similar conclusions from radically different starting 

points—not a case of direct intellectual ancestry. 

We are not claiming that indigenous knowledge systems are inherently 

superior to Western logic. They are not. Binary logic remains indispensable for an 

enormous range of problems, and the scientific method—which relies heavily on 

binary hypothesis testing—has produced the most powerful explanatory and 

predictive framework in human history. The indigenous traditions I have 

discussed do not replace binary logic. They complement it, by offering conceptual 

tools for domains where binary logic is insufficient. 

What we are claiming is this: the intellectual traditions of the Americas 

developed, over centuries and at civilizational scale, practical frameworks for 

navigating the coexistence of contradictory truths, the productive role of 

uncertainty, and the relational structure of knowledge. These frameworks are not 

primitive precursors to modern logic. They are parallel intellectual 

achievements—products of sustained, rigorous thinking about the same 

fundamental problems that the AI research community is now confronting. To 

ignore them because they were not produced within the Western academic 
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tradition is not just a cultural loss. It is a practical mistake. It means leaving tools 

on the table that we urgently need. 

The evidence for this claim is not speculative. It is civilizational. The yanantin 

principle organized the political, agricultural, and architectural systems of the 

Inca Empire—one of the largest and most administratively sophisticated states in 

pre-modern history. Ch’ixi describes a mode of identity navigation that millions 

of indigenous and mestizo people in contemporary Latin America practice daily, 

in environments of genuine complexity and contradiction. In Lak’ech underpins 

relational structures that sustained Maya civilization across millennia. Sumak 

Kawsay has been incorporated into the constitutional frameworks of two modern 

nation-states. These are not theoretical abstractions. They are working 

intellectual technologies, tested at scale, over centuries. The question is not 

whether they are rigorous. The question is why the builders of AI have not yet 

learned from them. 

We are aware that this argument carries political weight. Claiming that 

indigenous intellectual traditions have something essential to contribute to the 

most advanced technological systems in human history is not a neutral academic 

proposition. It challenges the assumption—deeply embedded in the global 

technology industry—that the intellectual resources for solving AI’s problems can 

be found entirely within the Western academic tradition, primarily in the 

computer science departments of a handful of universities in North America and 

Europe. It suggests that the Global South is not just a market for AI products or a 

source of cheap annotation labor, but a source of intellectual infrastructure that 

the Global North needs and does not have. 

We make this argument not as a political statement but as an empirical 

observation. The T-I-F compass works because it captures features of knowledge 

that binary logic cannot. Those same features were captured—practically, 

operationally, at civilizational scale—by traditions that the Western academic 

world has largely ignored. The convergence is not romantic. It is structural. And 
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denying it because the sources are unconventional would be exactly the kind of 

epistemic closure that this entire book argues against. 

•    •    • 

Five Centuries, One Structure 

Let me draw the threads together. 

The monks of Salamanca formalized productive doubt: the discipline of acting 

wisely when the evidence is incomplete, when certainty is unattainable, and when 

the stakes demand that you act anyway. Their contribution maps onto the I 

dimension of the T-I-F compass—the honest recognition and management of 

what is genuinely unknown. 

The Andean tradition of yanantin formalized productive contradiction: the 

discipline of holding two opposing truths as simultaneously valid without forcing 

a resolution. Their contribution maps onto the paraconsistency feature of the 

compass—the capacity for T and F to both be high at the same time, representing 

genuine, irreducible tension in the evidence. 

The Aymara concept of ch’ixi sharpened this into a principle of non-

resolution: the insistence that the coexistence of contradictory identities and 

truths is not a transitional state to be resolved but a permanent feature of 

complex reality that must be held, seen, and navigated in its full texture. 

The Maya principle of In Lak’ech added the relational dimension: the 

recognition that no claim exists in isolation, that knowledge is a web of 

relationships, and that the reliability of any node depends on its connections to 

others. 

And the Quechua concept of Sumak Kawsay added the ethical boundary: the 

recognition that not all questions should be answered, that some uncertainties 

should be respected rather than eliminated, and that the act of knowing carries 

moral responsibilities that extend beyond the accuracy of the output. 
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You may be wondering what these traditions have to do with your specific 

professional situation—your medical practice, your legal work, your financial 

analysis, your educational context, your policy decisions. The answer is that they 

have everything to do with it, because they address the same structural problem 

you face every day: the problem of navigating complex, contradictory, incomplete 

information in environments where confidence is rewarded and uncertainty is 

punished. The Andean farmer facing contradictory weather conditions and the 

hospital administrator facing contradictory AI diagnoses are in structurally 

identical situations. The difference is that the Andean farmer has a five-century-

old operating system for navigating the contradiction, while the hospital 

administrator has only the binary reflex: pick one, suppress the other, act with 

confidence, and hope for the best. 

This book is offering you a better operating system. It has roots you did not 

expect. It has a precision you can rely on. And in the next chapter, you will learn 

to use it with the speed and fluency that your professional life demands. 

These are five independent intellectual traditions, developed across five 

centuries on two continents, addressing different problems in different languages 

with different tools. And they converge—with a precision that we find 

remarkable—on a single logical structure: a structure with independent 

dimensions for truth, uncertainty, and contradiction; a structure that treats the 

coexistence of opposites as informative rather than catastrophic; a structure that 

embeds knowledge in relational networks; and a structure that recognizes ethical 

limits on the pursuit of certainty. 
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Figure 4.2. Five centuries of independent convergence on the T-I-F structure. Six 

intellectual traditions — from Andean yanantin (c. 500 CE) to neutrosophic logic (1995) 

— arrived independently at the same three-dimensional epistemic architecture that this 

book formalizes as the T-I-F compass. 
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If you are a reader in San Francisco or London or Berlin, the argument of the 

last two chapters requires you to reckon with something uncomfortable: the 

intellectual infrastructure that AI most urgently needs was developed by 

communities that the technology industry has systematically marginalized. The 

fix for the overconfidence problem does not come from Stanford or MIT. It comes 

from Salamanca, from Tiwanaku, from the weaving looms of Aymara women, 

from the philosophical practice of Maya communities. The Global South is not a 

market to be captured or a workforce to be employed. It is a source of intellectual 

resources that the Global North lacks and cannot produce from within its own 

traditions. 

If you are a reader in Guayaquil or Bogotá or La Paz or Mexico City, the 

argument requires you to reckon with something empowering: your intellectual 

heritage is not provincial. It is globally relevant. The philosophical traditions that 

your cultures have sustained for centuries contain tools that the most advanced 

technology in human history needs. You are not on the receiving end of 

innovation. You are sitting on the source of it. 
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Figure 4.3. Florentin Smarandache (b. 1954), mathematician, philosopher, and co-

author of this book. A Romanian dissident and paradoxist poet who emigrated to the 

United States, Smarandache formalized neutrosophic logic in 1995 at the University of 

New Mexico: a framework in which every proposition receives three independent values 

— Truth (T), Indeterminacy (I), and Falsity (F) — unconstrained to sum to one. His 

formalization, developed independently from mathematical logic and set theory, 

converged with the philosophical traditions of Salamanca, Tiwanaku, and Mesoamerica 

described in this chapter — evidence, the authors argue, that the three-dimensional 

structure of knowledge is not an artifact of any single tradition but a feature of 

knowledge itself. Photograph: Wikimedia Commons (CC BY-SA 3.0). 

In 1995, my  co-author Florentin Smarandache gave that structure a name 

and a set of equations. He called it neutrosophy. Working at the University of 

New Mexico, Smarandache formalized the intuition that had been operating 

across these traditions into a rigorous mathematical system: every proposition 

carries independent values for Truth, Indeterminacy, and Falsity. The values are 

not required to sum to one. Contradiction is representable. Uncertainty is a first-

class dimension, not a residual. And the entire framework is computable—it can 

be implemented in the same silicon that currently runs on binary logic alone. 

Smarandache did not draw on the Salamancan or Andean traditions directly—

his intellectual lineage runs through mathematical logic, set theory, and his own 

earlier work on paradoxism, a literary and philosophical movement he founded in 

the 1980s as a Romanian dissident. The convergence between his formalization 

and the philosophical traditions I have described in the last two chapters is 

independent. And that independence is, to me, the strongest evidence that the 

structure is real—that the three-dimensional architecture of knowledge is not an 

artifact of any single tradition but a feature of knowledge itself, discovered 

independently by multiple traditions using different tools. 

The next chapter—the practical heart of this book—takes everything we have 

built across these first four chapters and puts it to work. You have the compass. 

You know its intellectual roots. You understand why it has three needles instead 

of one. Now it is time to learn to read it—quickly, practically, in the situations you 



 

 115 

actually face. Three questions. Four zones. One decision framework. Chapter 5 is 

where theory becomes tool. 

The monks gave us the discipline. The weavers gave us the texture. The 

mathematicians gave us the equations. What remains is for you to use them. 

 
— End of Chapter Four — 
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P A R T  T H R E E :  T H E  
F R A M E W O R K  

 

C H A P T E R  F I V E  

A Compass for Uncertainty 

“It is better to be roughly right than precisely wrong.” 

— John Maynard Keynes 

You are a hospital administrator in Quito. It is a Tuesday morning in March. Your 

desk is covered with reports, and in twenty minutes you have a meeting with the 

hospital board to present your recommendation on whether to cancel the 

orthopedic surgery unit—a unit that has been underperforming for two years but 

that employs forty-three people, including some of the best surgeons in the 

region. 

Last night, you did what millions of professionals now do when facing a 

consequential decision: you asked an AI system to analyze the situation. You 

uploaded two years of financial data, patient volume trends, regional 

demographic projections, and the unit’s quality metrics. You asked the system for 

a recommendation. This morning, the response is on your screen. It is twelve 

paragraphs long. It is fluent, structured, and confident. And its conclusion is 

unambiguous: “Based on the analysis of declining patient volume, negative 

operating margins, and regional demographic trends indicating an aging 

population with reduced surgical candidacy, the recommendation is to 

discontinue the orthopedic surgery unit and reallocate resources to cardiology 

and oncology, which show stronger growth trajectories.” 

The recommendation sounds rigorous. The language is authoritative. The 

data points are real. But something in your gut tells you to hesitate. You have 
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been in healthcare administration long enough to know that confident 

recommendations can be built on shaky foundations. The question is: how do you 

evaluate this one? How do you know if this recommendation is standing on solid 

ground, on quicksand, or on a fault line? 

This is the chapter where you learn to answer that question. Not in theory—we 

have covered the theory in the first four chapters. In practice. With specific steps, 

specific questions, and specific decision protocols that you can apply before your 

twenty-minute meeting, and every time a machine speaks to you with authority 

for the rest of your career. 

The compass has three needles. You have three questions. The reading puts 

you in one of four zones. And the zone tells you what to do. Let us begin. 

But first, let us finish the hospital story, because it is the perfect case to learn 

on. 

You look at the AI’s recommendation to close the orthopedic unit. You run the 

three questions. Question One—What supports this? The declining patient 

volume is real—you have seen the numbers yourself. The negative operating 

margins are documented. The demographic projections come from a reputable 

national statistics agency. T is moderate to high for the financial analysis. But you 

notice that the AI weighted the last twenty-four months equally, including a six-

month period when the unit’s lead surgeon was on medical leave and referrals 

were disrupted. That period depressed the numbers artificially. 

Question Two—What is genuinely unknown? Quite a lot, it turns out. The AI 

does not know that the hospital board is negotiating a partnership with a sports 

medicine clinic that could triple orthopedic referrals. It does not know that a new 

highway under construction will reduce travel time from two rural cantons, 

potentially expanding the catchment population by 40,000 people. It does not 

know that the Ministry of Health is considering a regulation that would require 

regional hospitals to maintain surgical capacity for trauma cases. These are not 
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speculative possibilities. They are concrete developments that you know about 

but that the AI’s training data does not contain. I is very high. 

Question Three—What contradicts this? The chief of orthopedics submitted a 

memo last month projecting a return to positive margins within eighteen months, 

based on three new referral agreements that are already signed. Two peer 

hospitals in comparable regions kept their orthopedic units through similar 

downturns and recovered. The AI’s recommendation does not mention either of 

these. F is moderate to high. 

Your compass reads: T = moderate, I = very high, F = moderate-to-high. You 

are not in Consensus. You are in Ambiguity-Contradiction territory. The AI gave 

you a Consensus-zone recommendation to a situation that is nothing of the kind. 

You walk into your board meeting and say: “The AI analysis highlights real 

concerns about current performance. However, it does not account for three 

developments that materially change the outlook. I recommend a six-month 

performance review with specific benchmarks, rather than an immediate closure 

decision.” The board agrees. The unit survives. Eighteen months later, it is 

profitable. 

That is the compass in action. The AI’s recommendation was not wrong—the 

financial data it cited was accurate. But it was incomplete, and its confidence 

masked the incompleteness. The three questions exposed what the confident tone 

hid: massive I and significant F that the system never surfaced. Now let us 

formalize the protocol. 
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Figure 5.1. Worked example — hospital administrator. A confident AI 

recommendation to close an orthopedic unit (T = 0.55, I = 0.80, F = 0.65) falls in the 

Ambiguity-Contradiction zone, not Consensus. Decision: 6-month review with 

benchmarks. Result: the unit is profitable at 18 months. 

•    •    • 

The Three Questions 

Here they are again, expanded into a protocol you can use on any AI output, any 

expert recommendation, any analytical report that crosses your desk. We are 



 

 120 

going to be specific, because specificity is what separates a framework you admire 

from a framework you use. 

Question One: What supports this claim? This is your Truth 

reading. You are looking for the evidence, reasoning, and sources that 

favor the conclusion. But you are not just asking whether evidence 

exists. You are asking four sub-questions about its quality: 

How much evidence is there? A recommendation supported by a single data 

source is very different from one supported by five independent sources. Volume 

matters. A single study, no matter how well-designed, can be an outlier. 

Convergent evidence from multiple independent sources is far more reliable. 

How strong is each piece of evidence? A randomized controlled trial with a 

thousand participants is stronger than a retrospective analysis of twenty cases. A 

peer-reviewed study is stronger than a blog post. An official government dataset 

is stronger than a projection model. Not all evidence is created equal, and the AI 

system that produced the recommendation almost certainly did not tell you the 

quality gradient of its sources. 

How independent are the sources? If all five supporting studies were 

conducted by the same research group, or funded by the same organization, or 

published in the same journal, they are not truly independent. They may reflect a 

single methodological bias amplified five times. Independence is the difference 

between genuine convergence and an echo chamber. 

How recent is the evidence? In fast-moving domains—technology, medicine, 

financial markets, geopolitics—evidence from two years ago may be obsolete. The 

AI system’s recommendation about your orthopedic unit may be based on 

demographic projections that predate a major policy change, or patient volume 

data that does not reflect a recently opened competitor hospital. Recency is a 

dimension of quality that AI systems rarely surface. 

After running these four sub-questions, you assign a rough T score. You do 

not need decimal precision. What you need is a zone: Is T high (strong, 
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convergent, independent, recent evidence)? Moderate (some evidence, but thin, 

dependent, or dated)? Low (little or no substantive evidence)? 

 

Question Two: What is genuinely unknown here? This is your 

Indeterminacy reading. You are looking for the gaps, the unstated 

assumptions, the questions that the available evidence cannot 

answer. Again, four sub-questions: 

What assumptions did the analysis make that were not stated? Every AI 

recommendation rests on assumptions. The recommendation to close your 

orthopedic unit assumes that current demographic trends will continue. It 

assumes that competitor hospitals will not close their own units (which would 

redirect patients to yours). It assumes that the financial model captures all 

relevant variables. These assumptions may be reasonable. But they are 

assumptions, not facts, and the AI system did not tell you which ones it made. 

What data is missing? The AI analyzed patient volume and financial data. Did 

it analyze patient satisfaction? Physician retention rates? The community impact 

of losing the only orthopedic unit within a hundred kilometers? The strategic 

value of maintaining surgical capability for emergency trauma cases? Missing 

data is not neutral. It is a form of indeterminacy that can completely change the 

conclusion. 

How novel is the situation? If your hospital has faced this exact decision 

before, or if dozens of comparable hospitals have faced it, the precedent base is 

strong and I is lower. If the situation involves novel factors—a new regulatory 

environment, a pandemic recovery, a demographic shift without historical 

precedent—then I is higher, because the AI’s training data may not contain 

relevant examples. 

What would change the conclusion? This is the most powerful sub-question. 

Ask yourself: what single piece of information, if I learned it tomorrow, would 

reverse this recommendation? If the answer is “a new orthopedic surgeon with a 

strong referral network is joining next month” or “a competing hospital is closing 



 

 122 

its unit next quarter,” then the recommendation is fragile—sensitive to 

information that is plausible but not yet known. High fragility means high I. 

After these sub-questions, assign a rough I score. High I means you are in fog. 

The evidence may look solid, but it is standing on unknown ground. 

 

Question Three: What contradicts this claim? This is your Falsity 

reading. You are looking for active counter-evidence—not just the 

absence of support, but specific information that points in the 

opposite direction. 

Are there sources that reach the opposite conclusion? If three analyses say 

close the unit and two say keep it, the F is not zero. It is moderate. And the 

reasons the two dissenting analyses give may be more important than the reasons 

the three agreeing analyses give. 

Are there counterexamples? Has a comparable hospital kept its orthopedic 

unit under similar conditions and found that it recovered? Have demographic 

projections in your region been wrong before? Has the AI system’s 

recommendation model been tested against historical decisions, and if so, how 

often was it wrong? 

Are there stakeholders who disagree, and are their reasons substantive? The 

surgeons in the unit will obviously oppose the closure. That is expected and does 

not, by itself, constitute strong F. But if the chief of surgery argues that the unit’s 

underperformance is due to a temporary referral bottleneck that has already been 

addressed, and if she can point to three months of improving numbers, that is 

substantive counter-evidence that the AI’s historical analysis did not capture. 

Does the recommendation contradict itself? Sometimes, an AI’s 

recommendation contains internal tensions. The same analysis that recommends 

closing the orthopedic unit might note, in a different section, that the hospital’s 

emergency department sees a high volume of trauma cases that currently route to 

the orthopedic unit. Closing the unit would create a gap in the hospital’s trauma 
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pathway—a consequence that contradicts the recommendation’s implied promise 

of improved overall performance. Internal contradictions are strong F signals. 

After these sub-questions, assign a rough F score. High F means you are in a 

crossfire. The evidence is pointing in two directions, and the AI picked one 

without telling you about the other. 
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Figure 5.2. The Three Questions protocol. After evaluating Truth (what supports 

the claim), Indeterminacy (what is genuinely unknown), and Falsity (what contradicts it) 

through twelve diagnostic sub-questions, the resulting T-I-F reading maps to one of four 

action zones. 

•    •    • 

Reading the Compass: The Four Zones 

You now have three rough scores. You do not need exact numbers. You need to 

identify which zone you are in, because the zone determines your response. 

If T is high, I is low, and F is low: you are in the Consensus zone. The evidence 

is strong, convergent, and uncontradicted. The unknowns are minimal. Trust the 

recommendation and act. This is the zone where AI outputs are genuinely 

useful—where the machine has done work you could not have done as fast, and 

the work is reliable. Most routine queries fall here: factual lookups, well-

established analytical patterns, calculations on clean data. Consensus does not 

mean certainty. It means the grounds for action are solid enough that the risk of 

inaction exceeds the risk of error. 

We want to be clear about something: most AI interactions are in the 

Consensus zone, and that is fine. If you ask an AI to summarize a straightforward 

financial statement, to translate a document, to calculate a dosage based on 

standard protocols, or to draft a routine business email, the output will typically 

be in Consensus territory. The compass is not designed to make you suspicious of 

everything. It is designed to help you identify the minority of cases where the AI’s 

confidence exceeds its reliability. The goal is not paranoia. It is calibration—

matching your trust to the actual quality of the output. 

If I is high, regardless of T and F: you are in the Ambiguity zone. The 

unknowns dominate. Even if the available evidence supports the conclusion 

(moderate T), the gaps are large enough that the conclusion is fragile—sensitive 

to information that does not yet exist. The appropriate response is not to trust or 

reject the recommendation but to seek more information before acting. Identify 
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the specific unknowns that most affect the conclusion. Get the missing data. 

Consult additional sources. If you cannot reduce I meaningfully, escalate the 

decision to someone with more context or domain expertise. Do not let the AI’s 

confident tone substitute for the information that does not exist. 

If T is high and F is high: you are in the Contradiction zone. The evidence 

supports the conclusion AND the evidence contradicts it. Different sources, 

different frameworks, or different assumptions point in different directions. This 

is the zone the AI handles worst, because the AI typically picks a side and 

presents it as the answer. The appropriate response is to investigate both sides. 

Map the disagreement explicitly: what supports the conclusion, and why? What 

contradicts it, and why? Under what conditions does each side hold? A 

Contradiction zone decision should never be made on the basis of a single AI 

output. It requires the structured presentation of both sides—the ch’ixi 

approach—followed by human judgment that weighs the competing 

considerations in context. 

If T, I, and F are all low, or if I is overwhelming: you are in the Ignorance 

zone. The AI has produced text, but the text is not grounded in substantive 

evidence or reasoning. It is the machine doing what it always does—generating 

fluent language—without any underlying epistemic substance. The appropriate 

response is to abstain. Do not act on the output. Do not use it as a basis for 

decision. Acknowledge that the question exceeds the system’s competence, and 

either seek alternative sources of information or defer the decision until better 

evidence is available. The Ignorance zone is where the Abstention Principle 

applies with full force: the smartest move is no move. 

•    •    • 

Six Scenarios, Six Compass Readings 

Theory is cheap. Application is everything. Here are six scenarios drawn from six 

different domains, each walked through the complete compass protocol. These 

are not hypothetical. They are composites of real situations that professionals 
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have described to me in conversations, workshops, and consultations. The names 

and details have been changed. The structure is real. 

Scenario 1: The Doctor and the Drug Interaction 

Dr. Morales is a general practitioner in a mid-sized city in Colombia. A patient 

presents with moderate depression and chronic knee pain. Dr. Morales asks an 

AI clinical decision support system whether the antidepressant she is considering 

(duloxetine) has adverse interactions with the anti-inflammatory the patient is 

already taking (naproxen). The system responds confidently: “Duloxetine and 

naproxen may be taken together. Monitor for gastrointestinal side effects. No 

dosage adjustment required.” 

Dr. Morales runs the compass. Question One (T): The drug interaction 

databases are extensive and well-maintained. The combination is documented. 

Multiple pharmacological references support the assessment. T is high. Question 

Two (I): The patient is sixty-eight, takes two other medications not mentioned in 

the query, and has a history of gastric ulcers—a detail Dr. Morales included in the 

patient history but that the AI system may not have weighted adequately. The 

system’s training data may underrepresent elderly patients on complex 

medication regimens. I is moderate. Question Three (F): Dr. Morales recalls a 

recent case report—flagged by a colleague—about increased bleeding risk when 

SSNRIs are combined with NSAIDs in patients with gastric history. This is active 

counter-evidence. F is moderate. 

Compass reading: T = high, I = moderate, F = moderate. This is not 

Consensus. It is a borderline between Consensus and Contradiction. The 

appropriate response: do not reject the AI’s recommendation, but do not follow it 

uncritically either. Adjust the monitoring protocol. Consider a gastroprotective 

agent. And document the reasoning—including the F signal—in the patient 

record. The compass did not change the decision dramatically. But it changed the 

alertness with which the decision was made. In medicine, that alertness saves 

lives. 
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Notice what happened here. The entire evaluation took Dr. Morales 

approximately three minutes. She did not run a formal analysis. She did not 

compute numerical values. She asked three questions, gave rough mental 

estimates, identified the zone, and adjusted her response accordingly. The 

compass is not a bureaucratic process. It is a cognitive habit—a way of thinking 

that, once internalized, runs automatically whenever a machine speaks to you 

with authority. Dr. Morales will use this reflex a dozen times today. On most of 

those occasions, the compass will confirm that the AI’s output is in Consensus 

territory and she can proceed. On the occasions where it does not, the three 

minutes she spends running the questions could prevent a serious adverse event. 

•    •    • 

Scenario 2: The Lawyer and the Contract Clause 

A corporate lawyer in Mexico City is reviewing a supply chain contract for a 

manufacturing client. She asks an AI legal research system to assess whether a 

particular force majeure clause would protect her client in the event of a 

government-imposed export restriction. The system produces a detailed analysis 

citing three cases and concluding that the clause “would likely provide adequate 

protection.” 

She runs the compass. Question One (T): Two of the three cited cases are real 

and relevant. She verifies them in the legal database. They support the 

conclusion. T is moderate to high—but only moderate, because the third citation 

looks suspicious. She cannot find it. It may be a fabrication. This immediately 

reduces her confidence in the entire output. Question Two (I): Export restriction 

law is evolving rapidly in her jurisdiction. A new trade regulation was published 

four months ago, and the AI’s training data may not include it. The novel 

regulatory environment increases I significantly. Question Three (F): She 

consults a colleague who specializes in trade law. The colleague points out that 

recent arbitral decisions in the region have narrowed the interpretation of force 
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majeure clauses in ways that the AI’s analysis does not reflect. This is substantive 

F. 

Compass reading: T = moderate (weakened by the suspicious citation), I = 

high (evolving regulatory environment), F = moderate (recent contrary arbitral 

trends). She is in Ambiguity shading into Contradiction. The appropriate 

response: do not rely on the AI’s analysis. Commission a manual review from the 

trade law specialist. Flag the suspicious citation to the AI vendor. And advise the 

client that the force majeure clause may need renegotiation—an outcome the AI’s 

confident analysis would never have suggested. 

•    •    • 

Scenario 3: The Analyst and the Earnings Forecast 

A financial analyst at an investment firm in Santiago asks an AI system to 

generate a summary of a mid-cap technology company’s earnings outlook for the 

next quarter. The system produces a bullish assessment: revenue growth 

projected at 12%, driven by expansion into new markets, with margins improving 

due to cost optimization. 

He runs the compass. Question One (T): The revenue growth figure aligns 

with the company’s recent guidance and with sell-side consensus estimates. The 

cost optimization narrative is supported by the company’s most recent earnings 

call. T is moderate to high for the top-line growth; moderate for the margin 

improvement, which depends on execution of a restructuring plan that has not 

yet been fully implemented. Question Two (I): The “new markets” expansion is in 

a geographic region the analyst knows to be politically volatile. Currency risk is 

significant and not addressed in the AI’s analysis. The company has no track 

record in this region. I is high for the expansion component. Question Three (F): 

A competitor released disappointing results in the same sector last week, citing 

demand softness in exactly the markets the AI is projecting growth in. The AI’s 

analysis does not mention the competitor’s results. This is active, recent counter-

evidence. F is moderate to high. 
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Compass reading: T = moderate, I = high (for the growth thesis), F = 

moderate-to-high (competitor signal). He is in Contradiction-Ambiguity. The 

appropriate response: do not publish the AI-generated summary as-is. 

Supplement it with the competitor data. Flag the currency and political risk as 

material I. Present the board with a structured assessment: “Here is the bull case 

(with its evidence), here is the bear case (with its evidence), and here is what we 

don’t know (currency risk, demand dynamics in the new market).” This is a ch’ixi 

presentation—black and white threads visible, not averaged into gray. It takes 

more work. It produces better decisions. 

The analyst tells me afterward that the structured presentation changed the 

conversation in the boardroom. Instead of debating whether the company was a 

buy or a sell—a binary that forced premature resolution—the board discussed the 

specific conditions under which the bull case or the bear case would materialize. 

They decided to take a smaller initial position and increase it only after the 

competitor’s next earnings report clarified the demand picture. This is 

proportional action under uncertainty—the Salamancan principle in a Santiago 

boardroom. The compass did not eliminate the risk. It made the risk visible and 

manageable. 

•    •    • 

Scenario 4: The Journalist and the Fact-Check 

A journalist in Buenos Aires is writing a story about water contamination in a 

province’s agricultural region. She asks an AI research assistant to summarize the 

available evidence on contamination levels, health impacts, and government 

response. The AI produces a comprehensive-looking summary with statistics, 

agency names, and health impact estimates. 

She runs the compass. Question One (T): Some of the statistics match what 

she has found in her own reporting. The government agency names are correct. 

But two of the health impact estimates look unusually precise for a region where 

she knows monitoring is sparse. She cannot verify them against any primary 
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source. T is moderate—the framework is real, but specific numbers are suspect. 

Question Two (I): The province in question has notoriously poor environmental 

monitoring. The government has been accused of suppressing data. The actual 

contamination levels may be significantly higher or lower than any published 

estimates. I is very high—the data infrastructure for answering this question 

reliably does not exist. Question Three (F): She contacts a local environmental 

NGO, which provides her with independent water testing results that contradict 

the government figures the AI cited. The NGO’s numbers are dramatically higher. 

F is high. 

Compass reading: T = moderate (framework correct, specifics unreliable), I = 

very high (monitoring infrastructure does not exist), F = high (independent data 

contradicts official data). She is deep in Contradiction-Ambiguity territory. The 

appropriate response: do not publish any of the AI’s specific numbers. Use the 

AI’s output as a starting map—it identified the right agencies and the right 

issues—but replace every specific claim with independently verified data or, 

where independent data is unavailable, with an explicit acknowledgment of 

uncertainty. The story she writes will be more honest and more impactful because 

it says “the data is contested” rather than projecting false precision. 

This scenario highlights something important about how the compass 

changes the relationship between the user and the AI. The journalist did not 

reject the AI’s output wholesale. She used it—as a structural scaffolding, a 

starting framework, a map of the institutional landscape. What she rejected was 

its specificity, its confidence, and its failure to surface the contradictions she 

found when she investigated. The compass does not tell you to stop using AI. It 

tells you how to use it wisely: as a starting point for investigation, not as a 

substitute for it. The AI’s confident summary was the beginning of her reporting, 

not the end of it. And the compass told her exactly where the summary was 

reliable and where it was not. 

•    •    • 
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Scenario 5: The Policymaker and the AI-Generated Brief 

A mid-level policy advisor in Ecuador’s Ministry of Education receives an AI-

generated brief recommending the nationwide adoption of a specific adaptive 

learning platform for secondary schools. The brief cites improved test scores in 

pilot programs in the United States and South Korea, cost projections, and 

implementation timelines. 

She runs the compass. Question One (T): The cited pilot programs are real. 

The test score improvements are documented. T for the narrow claim—“this 

platform improved scores in these pilots”—is moderate to high. But the brief 

extrapolates from US and Korean contexts to Ecuador without discussing 

transferability. T for the broader claim—“this platform will improve scores in 

Ecuador”—is much lower. Question Two (I): Ecuadorian secondary schools differ 

dramatically from the pilot contexts in infrastructure, teacher training, internet 

connectivity, language, and cultural context. The brief does not address any of 

these factors. I is very high for the Ecuador-specific prediction. The question has 

not been studied in her context. Question Three (F): She recalls that a similar 

adaptive platform was piloted in a neighboring country two years ago and 

produced no significant improvement in learning outcomes, partly because 

teachers were not trained to integrate it and partly because internet connectivity 

was unreliable. This is relevant counter-evidence from a more comparable 

context. F is moderate. 

Compass reading: T = moderate (for the original pilots) but low (for the 

Ecuador extrapolation), I = very high, F = moderate (comparable regional 

evidence). She is in Ambiguity, verging on Ignorance for the Ecuador-specific 

question. The appropriate response: do not recommend nationwide adoption. 

Recommend a controlled pilot in three to five Ecuadorian schools with conditions 

representative of the national diversity, with clear metrics and a twelve-month 

evaluation period. Flag the transferability gap explicitly in her response to the 

minister. And note that the AI’s confident recommendation was based on 

evidence from contexts so different from Ecuador that the extrapolation carries 

more risk than the brief’s tone suggests. 
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This is the Salamancan principle of proportional action in practice: the higher 

the uncertainty, the more cautious and reversible the commitment. A nationwide 

rollout is irreversible. A controlled pilot is not. The compass redirected a 

potentially catastrophic policy decision into a prudent investigative step. 

•    •    • 

Scenario 6: The Professor and the Suspicious Essay 

A university professor in Guayaquil receives a student essay on the application 

of fuzzy cognitive maps to public policy analysis. The essay is well-written, 

properly cited, and uses technical terminology correctly. It is also suspiciously 

fluent for a student who has struggled with the material in class. The professor 

suspects AI involvement but is not sure. She asks an AI detection tool to assess 

the essay. The tool returns: “87% probability of AI-generated content.” 

She runs the compass—not on the essay, but on the detection tool’s output. 

Question One (T): AI detection tools have documented accuracy rates, and they 

are not as high as most users assume. Independent evaluations show false 

positive rates of 10% to 30%, depending on the tool, the genre, and the language. 

The 87% number sounds precise but may be less reliable than it appears. T is 

moderate at best. Question Two (I): The essay is in Spanish, and most detection 

tools are trained primarily on English-language text. The accuracy rates for 

Spanish-language academic prose are poorly studied. The student is also a non-

native Spanish speaker from a Caribbean background, which means her natural 

writing style may differ from the patterns the tool was trained on. I is high—the 

tool is operating outside its primary training distribution. Question Three (F): 

The professor knows that the student submitted a draft outline two weeks ago 

that showed she understood the core concepts. The student’s in-class 

contributions, while halting, demonstrated genuine engagement with the 

material. This is active counter-evidence against the AI-generation hypothesis—

evidence that the student may have done the work herself, perhaps with AI 

assistance for language polishing rather than content generation. F is moderate. 
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Compass reading: T = moderate (detection tools are imperfect), I = high 

(Spanish-language, non-native writer, under-studied domain), F = moderate 

(prior evidence of genuine engagement). She is in Ambiguity-Contradiction. The 

appropriate response: do not accuse the student of cheating on the basis of the 

detection tool’s output. Instead, schedule a conversation with the student. Ask 

her to walk through the essay’s argument and methodology. If she can discuss the 

content fluently and address questions about specific choices, the essay is likely 

substantially hers, regardless of what the detection tool says. If she cannot, that is 

a more meaningful signal than any percentage. 

This scenario illustrates a crucial point: the compass works on any output, 

including the output of tools designed to evaluate other outputs. The AI detection 

tool’s “87%” is itself a claim that can be evaluated with T, I, and F. And when you 

do, you discover that the claim is far less solid than the number makes it appear. 

The precision of the number creates an illusion of reliability that the compass 

dissolves. 

This recursive applicability—the compass evaluating the tools that evaluate 

other tools—is one of its most powerful properties. In a world where AI systems 

are increasingly being used to monitor, evaluate, and regulate other AI systems, 

the ability to assess the reliability of the assessor is critical. A detection tool with a 

false positive rate of 20% is not a reliable basis for an academic integrity 

accusation that could derail a student’s career. The compass, applied to the 

detection tool’s output, reveals this. Without the compass, the number—“87%”—

stands alone, looking precise and authoritative, telling the professor exactly what 

she wants to hear and providing a false foundation for a consequential decision. 

The professor in this scenario chose the harder but more honest path: a 

conversation with the student instead of an automated verdict. The compass 

supported that choice by showing that the automated verdict’s confidence 

exceeded its reliability. This is the framework in action—not replacing 

professional judgment, but informing it with a structured assessment of what the 

AI’s output actually tells you and what it does not. 
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How Long Does This Take? 

A reasonable concern at this point: the protocol I have described sounds time-

consuming. Running twelve sub-questions on every AI output, evaluating three 

dimensions, mapping to four zones—won’t this slow you down to the point of 

uselessness? 

The answer is: it depends on the stakes. And that is exactly the point. 

For a low-stakes query—“What’s the population of Guayaquil?”—you do not 

need to run the full protocol. A mental glance at T (very high—well-established 

fact), I (very low), and F (very low) takes about two seconds. You are in 

Consensus. Trust the answer. Move on. 

For a medium-stakes query—the drug interaction scenario, the contract 

clause—the compass takes two to five minutes. You ask the three questions, 

mentally note the sub-question answers that seem most relevant, and identify the 

zone. This is not significantly longer than the verification you should be doing 

anyway. The compass gives structure to the verification, making it faster and 

more reliable than ad hoc gut-checking. 

For a high-stakes query—the hospital closure, the nationwide policy adoption, 

the investment thesis—the compass may take fifteen to thirty minutes of 

structured evaluation, possibly with input from colleagues or domain experts. 

This sounds like a lot until you consider what is at stake: forty-three jobs, 

millions of dollars, a community’s access to surgical care. Thirty minutes of 

structured evaluation is not a cost. It is a bargain. 

The compass scales to the stakes. And with practice, the three questions 

become automatic—a cognitive reflex that runs in the background of every 

interaction with an AI system, flagging the moments that need deeper 

investigation without slowing down the moments that do not. Professionals who 

have used the framework for a few months report that it becomes unconscious for 

low-stakes queries and requires deliberate effort only for the high-stakes 

decisions where deliberate effort is exactly what is needed. 



 

 135 

•    •    • 

The Paraconsistency Insight 

Across all six scenarios, you may have noticed a pattern: the most dangerous 

situations are not the ones where the AI is clearly wrong. Those are relatively easy 

to catch. The most dangerous situations are the ones where the AI is partly right 

and partly wrong at the same time—where T and F are both significant, and the 

AI presents only the T while suppressing the F. 

This is the paraconsistency insight, and it is the single most important 

practical takeaway from this book: when the compass shows high T and high F 

simultaneously, you are not looking at an error. You are looking at a genuine 

tension in the evidence—a real disagreement that reflects the actual complexity of 

the situation. And the worst thing you can do is collapse that tension into a single 

answer, because doing so destroys the very information you need most: the 

information about where the disagreement lies, why it exists, and what it implies 

for your decision. 

The AI will always collapse the tension. It is built to produce a single, coherent 

response. It cannot hold contradictions as information. That is your job. The 

compass tells you when you need to do that job. And the six scenarios above show 

you how. 

A doctor who knows that the drug combination is both supported and 

contradicted practices better medicine than one who sees only the support. A 

lawyer who knows that the legal analysis is both grounded and challenged by 

recent developments gives better counsel than one who sees only the grounding. 

A policymaker who knows that the evidence base is both encouraging and 

geographically limited makes better decisions than one who sees only the 

encouragement. In every case, the value is not in the answer. The value is in the 

structure of the uncertainty around the answer. 

We have now taught this framework to several hundred postgraduate students 

and working professionals. The most consistent feedback we receive is not about 
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the three questions or the four zones, though those are what people remember 

most easily. It is about the paraconsistency insight—the permission to hold 

contradictory evidence as simultaneously valid. Professionals tell me that this 

single idea changed how they operate. A hospital administrator told me: “I used 

to feel like I had to pick a side when the data was mixed. Now I present both sides 

to the board, with the tensions intact, and we make better decisions because no 

one is pretending the contradiction isn’t there.” A lawyer said: “I started putting a 

‘T-I-F note’ at the top of every research memo. The partners thought I was crazy 

for a month. Then they started asking for it on every memo.” 

The reason the paraconsistency insight is so powerful is that it solves a 

problem that every professional faces but that no one names: the problem of 

premature resolution. In meetings, in reports, in presentations, in every 

professional context, there is relentless pressure to resolve ambiguity into a clean 

position. The compass gives you a vocabulary—and a formal framework—for 

resisting that pressure when the evidence does not support it. “This is a 

Contradiction zone situation” is a sentence that, once your team understands it, 

changes the quality of your collective decision-making permanently. 

•    •    • 

The Hardest Move: Abstention 

Of all the responses the compass can recommend, abstention is the hardest. Not 

because it is intellectually difficult—it is the simplest response of all—but because 

it is professionally and psychologically costly. Abstention means telling your boss 

“I don’t have enough information to recommend a course of action.” It means 

telling your client “I need more time.” It means, in a culture that rewards 

decisiveness, admitting that you are not ready to decide. 

But abstention, when the compass calls for it, is not indecision. It is a 

decision—the decision that the risk of acting on insufficient information exceeds 

the risk of waiting. The Salamancan theologians understood this five centuries 

ago: the more severe and irreversible the consequences, the higher the bar for the 
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evidence that justifies action. The policymaker in Scenario 5 who recommends a 

nationwide rollout on the basis of a high-I, moderate-F compass reading is not 

being decisive. She is being reckless. The one who recommends a pilot study is 

practicing proportional action under uncertainty—the most sophisticated form of 

decision-making there is. 

Here is a practical guideline for when to abstain: if I exceeds both T and F—if 

the genuinely unknown territory is larger than either the supporting or 

contradicting evidence—you should not act. You should investigate, seek more 

information, and rerun the compass when the I has decreased. Abstention is not 

permanent. It is the decision to wait until the epistemic conditions justify action. 

Sometimes that wait is hours. Sometimes it is weeks. But it is always preferable to 

acting on a compass reading that shows you are standing in fog. 

A practical tip for making abstention work in institutional settings where 

decisiveness is rewarded: never present abstention as “I don’t know.” Present it 

as a structured decision with a timeline. “Based on my assessment, the evidence 

is insufficient to support a confident recommendation at this time. Here are the 

three specific pieces of information that would resolve the uncertainty. I 

recommend we obtain them within two weeks and reconvene.” This is 

abstention—but it is active abstention, with a clear path forward, specific 

information targets, and a deadline. It is the Salamancan principle of probable 

conscience operationalized for a modern institutional context: you are not 

avoiding the decision. You are making the decision that the decision cannot yet 

be made responsibly, and you are specifying what would change that. 

The professionals I work with who adopt this practice report that it is, 

paradoxically, the habit that most increases their credibility. When you are the 

person in the room who sometimes says “we don’t have enough to decide this 

yet—here is what we need,” people learn that when you do recommend action, 

your recommendations are worth trusting. The abstention builds the authority of 

your non-abstentions. The compass gives you the framework to know which is 

which. 
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•    •    • 

What You Now Have 

Let me summarize the complete toolkit you have acquired in this chapter. 

You have three questions that decompose any AI output into its constituent 

epistemic dimensions: what supports it (Truth), what is genuinely unknown 

about it (Indeterminacy), and what contradicts it (Falsity). Each question has 

four sub-questions that sharpen the assessment: quality, quantity, independence, 

and recency for T; assumptions, missing data, novelty, and fragility for I; 

counter-sources, counterexamples, stakeholder dissent, and internal 

contradictions for F. 

You have four zones that translate those dimensions into actionable 

categories: Consensus (act), Ambiguity (investigate), Contradiction (map the 

disagreement), and Ignorance (abstain). The zone determines the response, not 

the AI’s tone. 

You have the paraconsistency insight: the recognition that high T and high F 

together are not an error but the most important signal the compass can give 

you—a signal that the evidence genuinely points in two directions and that 

collapsing the tension into a single answer destroys the information you need 

most. 

You have the abstention principle: the recognition that sometimes the 

smartest decision is the decision that more information is needed, presented not 

as indecision but as active, time-bounded, goal-directed epistemic caution. 

You have the scaling principle: two seconds for a low-stakes query, five 

minutes for a medium-stakes one, thirty minutes for a decision that could change 

careers, communities, or organizations. The compass scales to the stakes. 

And you have six worked examples that show what the compass looks like in 

practice across medicine, law, finance, journalism, public policy, and education—

each demonstrating that the real danger is not an AI that gives the wrong answer, 
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but an AI that gives a Consensus-zone answer to a Contradiction-zone question, 

and a user who does not know the difference. 

You do not need to memorize any of this. The Quick Reference Card in 

Appendix A gives you the three questions and four zones on a single page. The 

prompt templates in Appendix B give you specific language for forcing AI systems 

to surface their own uncertainty. Print the card. Pin it next to your desk. Use it 

tomorrow. 

But there is one more capability the compass needs before it is complete. 

Everything we have done so far is static: you evaluate a single output at a single 

moment. The real world is dynamic. Evidence arrives over time. Your 

understanding evolves. The compass reading at 9:00 AM may be very different 

from the reading at 3:00 PM, after you have consulted additional sources and 

investigated the gaps. You need a way to track that evolution—to follow the 

trajectory of your epistemic state through time and to know whether you are 

converging toward solid ground or spiraling deeper into uncertainty. 

That is the subject of the next chapter. 

•    •    • 

From Compass to GPS 

The compass you now have—three questions, four zones, the paraconsistency 

insight, the abstention principle—is a powerful tool for evaluating any single AI 

output at a single moment in time. It answers the question: “Where am I standing 

right now?” 

But many of the most important decisions you face do not involve a single AI 

output evaluated once. They involve sequences of information, gathered over 

time, from multiple sources. You check one source and T rises. You check another 

and F appears. You investigate a gap and I decreases. Your epistemic position is 

not static. It is a trajectory—a path through the three-dimensional space of the 

compass as new information arrives and old information is reassessed. 
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The next chapter introduces the tool for tracking that trajectory. It takes the 

compass and turns it into a GPS: a way to monitor how your knowledge-state 

changes over time, to recognize when a chain of reasoning is converging toward a 

reliable conclusion, and to detect when it is spiraling into unresolved 

contradiction. It is the dynamic version of everything you learned in this 

chapter—the tool for following a chain of evidence, step by step, and knowing at 

each step whether you are getting closer to solid ground or drifting further into 

fog. 

If the compass tells you where you are, the GPS tells you where you are going. 

And in a world where AI systems generate chains of reasoning that span dozens 

of steps, knowing the direction of travel is just as important as knowing the 

starting point. 

The journey from compass to GPS begins with a compliance officer in São 

Paulo, a pharmaceutical company, and a chain of evidence that went from 

confidence to contradiction to genuine uncertainty in the space of three 

documents. 

 
— End of Chapter Five — 
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C H A P T E R  S I X  

When to Trust, When to Doubt, When to 
Abstain 

“The test of a first-rate intelligence is the ability to hold 
two opposing ideas in mind at the same time and still 

retain the ability to function.” 

— F. Scott Fitzgerald 

Carla is a compliance officer at a pharmaceutical company in São Paulo. On a 

Monday morning in February, she asks her company’s AI research assistant to 

summarize the regulatory status of a new cardiovascular drug in the Brazilian 

market. The system responds within seconds: “The drug received ANVISA 

approval in August 2024 for the treatment of chronic heart failure in adults. No 

restrictions or post-market warnings have been issued.” 

Carla’s compass reading on this first output: T appears high—ANVISA 

approval is a verifiable, binary fact. I is low. F is negligible. She is in Consensus 

territory. She notes the answer and moves on to her next question. 

She asks the system to pull the most recent post-market surveillance data for 

the drug. The system produces a summary of three studies: two showing 

favorable safety profiles and one flagging an elevated incidence of a specific liver 

enzyme marker in patients over seventy. The system’s summary focuses on the 

two favorable studies and mentions the liver enzyme finding in a subordinate 

clause. 

Carla notices the shift. Her compass reading has changed. T is still moderate 

to high—the favorable studies are real. But F has appeared: the liver enzyme 

finding is not trivial, especially given that the target patient population for 

chronic heart failure skews heavily toward patients over seventy. And I has risen: 

the post-market surveillance period is only eighteen months, which means long-



 

 142 

term effects are genuinely unknown. She is no longer in Consensus. She has 

moved to a border between Consensus and Contradiction. 

She asks a third question: “Are there any regulatory actions in other 

jurisdictions related to this drug?” The system responds: “No significant 

regulatory actions have been reported in the EU, US, or Japanese markets.” But 

Carla, who follows regulatory news manually, recalls reading a brief notice two 

weeks ago that the European Medicines Agency had requested additional 

pharmacovigilance data from the manufacturer. The AI’s answer is either 

outdated or incomplete. F has risen further. I has risen further. And her 

confidence in the system’s previous answers has retroactively decreased, because 

if it missed this, what else did it miss? 

In the space of three queries, Carla has watched her epistemic state travel a 

path: from Consensus, through the border zone, into Contradiction-Ambiguity. 

Each new piece of information changed not only her current assessment but her 

assessment of previous assessments. This is not a static evaluation. It is a 

trajectory—a journey through the three-dimensional space of the compass. And 

tracking that trajectory is, we will argue, just as important as taking any single 

compass reading. 

Carla’s experience is not unusual. If you have used AI for any form of 

research—legal, medical, financial, academic, journalistic—you have probably 

had a version of this experience. The first answer looks clean. The second answer 

introduces a wrinkle. The third answer raises a question about the first. By the 

time you have checked three or four sources, the landscape looks very different 

from the confident summary you started with. The problem is that most people 

stop at the first answer. The AI spoke with confidence. The answer looked 

authoritative. The professional moved on to the next task. The trajectory—the 

journey that would have revealed the complexity hidden behind the confidence—

never happened. 

This chapter gives you the tool for tracking it. And it gives you something 

equally valuable: a way to know when to stop tracking—when you have gathered 
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enough evidence to decide, or when the trajectory has stabilized into a shape that 

further investigation will not change. 

•    •    • 

The Dynamic View: How Knowledge Moves 

The compass from Chapter 5 is a snapshot. It tells you where you are at a single 

moment. But knowledge does not stand still. Every time you encounter a new 

piece of evidence—a new source, a new study, a new data point, a colleague’s 

perspective, a contradicting report—your epistemic state changes. The compass 

needles move. And the direction they move tells you something critical about 

whether your investigation is converging toward a reliable conclusion or spiraling 

into deeper uncertainty. 

There are only three things that can happen to your compass reading when 

new evidence arrives. We want you to learn these three moves by name, because 

recognizing them in real time is the skill that separates a competent professional 

from an exceptional one. 

The first move is Refinement. New evidence arrives that is consistent with 

your current assessment and adds strength to it. T increases. I decreases. The 

picture gets clearer. You are moving from fog toward solid ground. When you 

check a second source and it confirms the first, you have experienced a 

Refinement. When you investigate an unknown and find that the gap was not as 

large as you feared, you have experienced a Refinement. Refinement feels good. It 

feels like progress. And it is progress—as long as you are aware of whether the 

Refinement is coming from genuinely independent sources or from echo 

chambers that repeat the same conclusion without adding new evidence. 

A crucial subtlety about Refinement: not all confirmations are equally 

valuable. If you check a second source and it confirms the first, but both sources 

cite the same underlying study, you have not genuinely refined your assessment. 

You have found the same evidence presented twice. True Refinement requires 
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independent convergence—different researchers, different methodologies, 

different data sources arriving at the same conclusion. The AI system that 

generated your initial response may have trained on multiple texts that all derive 

from the same original source. The appearance of convergence can mask a single 

point of failure. When tracking your trajectory, ask not just “Does this source 

agree?” but “Does this source agree for independent reasons?” 

The second move is Conflict. New evidence arrives that contradicts your 

current assessment. F rises. T may hold steady or decrease. And I often rises too, 

because the contradiction introduces new questions: why do these sources 

disagree? Which is more reliable? Under what conditions does each hold? 

Conflict does not feel like progress. It feels like setback, frustration, confusion. 

But Conflict is the most informative move on the compass, because it tells you 

that the question is harder than it first appeared—and that the AI’s confident 

answer, or your initial assessment, was probably too simple. 

We cannot stress this enough: Conflict is a gift. It is the moment when the 

compass is earning its keep, because it is showing you something the AI system 

hid. Every professional we have worked with who adopted the compass 

framework reports the same experience: the first time they deliberately sought 

out Conflict—the first time they asked “What contradicts this?” not as a formality 

but as a genuine investigation—they found something that changed their 

decision. Not always dramatically. But meaningfully. The Conflict was always 

there, in the evidence. It was simply suppressed by the system’s architecture and 

by the user’s trained reflex to stop investigating once they received a confident 

answer. 

The most dangerous situation is when you expect Refinement and encounter 

Conflict. You have three sources that agree, and the fourth disagrees. The natural 

human response is to discount the fourth source—to treat it as an outlier, a bad 

study, a contrarian opinion. This is confirmation bias, and it is the single biggest 

threat to good decision-making under uncertainty. But in many cases, the fourth 

source is the most important one, because it reveals a dimension of the problem 
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that the first three sources, coming from similar perspectives, did not capture. 

The discipline of the compass is to take Conflict seriously every time, especially 

when it is inconvenient. 

The third move is Resolution. Your investigation reaches a point where the 

compass reading stabilizes. Either the evidence converges—T is high, I is low, F is 

low, and you are in Consensus with genuine confidence—or the evidence settles 

into a stable Contradiction pattern that you can now characterize precisely: you 

know what supports the claim, you know what contradicts it, you know what is 

unknown, and you know that further investigation is unlikely to change the 

picture significantly. Or—and this is the resolution that takes the most courage—

you reach the conclusion that I is irreducibly high: the question cannot be 

answered with the available evidence, and the honest assessment is formal 

abstention. 

If the names Refinement, Conflict, and Resolution sound familiar, it is 

because they echo the intellectual traditions we explored in Chapters 3 and 4—

and that echo is not accidental. The Salamancan theologians’ doctrine of probable 

conscience is, at its core, a theory of how Refinement and Conflict operate in 

moral reasoning. When new evidence supports a probable opinion, the opinion 

becomes more probable (Refinement). When new evidence contradicts it, the 

agent must reckon with the contradiction honestly rather than suppressing it 

(Conflict). And when the agent has gathered enough evidence to act—or to 

formally abstain—that is Resolution. 

The Andean principle of ayni—reciprocal dynamic balance—maps onto this 

structure as well. In ayni, the relationship between complementary opposites is 

not static. It is a continuous process of give and take, of adjustment and 

readjustment, of each partner responding to the other’s moves. The trajectory 

protocol captures this dynamic quality: your T, I, and F are not fixed. They are in 

continuous motion, responding to each new piece of evidence, each new source, 

each new perspective. The compass reading is a snapshot of a process, not a 

permanent verdict. 
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We find it intellectually satisfying—and practically important—that the same 

three-move structure appears independently in sixteenth-century moral theology, 

in Andean relational philosophy, and in the dynamic epistemic logic we have 

formalized in our research. The notation differs. The domain differs. The 

structure is the same. This convergence is, for me, the strongest evidence that the 

framework captures something real about how knowledge actually works—not an 

artifact of any single tradition but a feature of the epistemic landscape itself. 

Resolution does not always mean the answer becomes clear. Sometimes 

Resolution means the ambiguity becomes clear—you understand, with precision, 

why the question is hard and what makes it hard. That clarity about the difficulty 

is itself a form of knowledge. It is, in the language of the Salamancan theologians, 

docta ignorantia—learned ignorance. And it is far more valuable than the false 

clarity of an AI system that picked a side and pretended the difficulty did not 

exist. 

In professional settings, Resolution often arrives not as a private intellectual 

experience but as a shared one. You present your compass reading and trajectory 

to your team. You show them the Refinements and the Conflicts. You map the 

Contradiction zone explicitly: here is what supports the conclusion, here is what 

contradicts it, here are the unresolved questions. The act of presenting the 

trajectory to a group has a remarkable effect: it transforms the conversation from 

“What should we decide?”—which pressures the group toward premature 

closure—to “What do we actually know, and where are the gaps?”—which creates 

space for honest assessment. We have watched this transformation happen in 

boardrooms, in clinical case conferences, in policy workshops. The trajectory 

changes the conversation because it makes the structure of the uncertainty visible 

to everyone in the room, not just to the person who did the investigation. 

One more important point about Resolution. You should not keep 

investigating forever. The Resolution Index exists precisely to tell you when to 

stop: when additional sources are no longer changing your compass reading 

significantly, you have extracted what the available evidence can offer. 
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Continuing to investigate past this point is not diligence. It is procrastination 

disguised as thoroughness. The compass is a tool for action, not a tool for 

indefinite delay. It tells you when you have enough to decide—even if the decision 

is a formal, documented, time-bounded abstention. 

•    •    • 

Following the Trajectory 

Carla’s three queries illustrate a trajectory: Consensus → Border Zone → 

Contradiction-Ambiguity. Each query was a step. Each step changed the compass 

reading. And the direction of change—from higher confidence to lower, from less 

contradiction to more, from less uncertainty to more—told her something the 

individual answers did not: that the AI system’s initial confident answer was 

masking a much more complex reality. 

Here is the practical protocol for tracking your trajectory. It has two metrics, 

and you can compute them in your head. 

The first metric is what I call the Coherence Score. It measures how many of 

your investigative steps produced Refinement versus how many produced 

Conflict. If you have checked five sources and four refined your initial assessment 

while one introduced conflict, your Coherence Score is high: 4 out of 5 steps 

moved in the same direction. The trajectory is converging. You can increase your 

confidence proportionally. If you checked five sources and three refined while 

two conflicted, the Coherence Score is moderate: 3 out of 5. The trajectory is 

wobbling. You should investigate the conflicting sources more carefully before 

acting. If you checked five sources and three conflicted while only two refined, the 

Coherence Score is low. The trajectory is diverging. You are moving further from 

solid ground with each step. Stop and reassess. 

The Coherence Score is not the same as majority voting. Three sources 

agreeing and two disagreeing does not mean the three are right. The Coherence 

Score tells you about the trajectory’s direction, not about the truth of the 
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conclusion. A low Coherence Score does not mean the conclusion is wrong. It 

means you are not converging toward a reliable assessment and should 

investigate further before acting. 

Think of it this way. If you are hiking toward a mountain and every compass 

check confirms you are heading north, your Coherence Score is high. You are 

converging on your destination. But if every other compass check shows you 

drifting east, the Coherence Score drops. You may still reach the mountain—your 

general direction might be acceptable—but you are wobbling, and the wobble tells 

you something important: the terrain is more complex than you expected, and 

you should pay closer attention to each step rather than trusting the general 

direction blindly. In epistemic terms: the sources are not converging cleanly, and 

the easy consensus you thought you had may be masking genuine complexity that 

demands more careful investigation. 

The second metric is what I call the Resolution Index. It measures whether 

your investigation is approaching a stable state or still in flux. If the compass 

reading after your fifth source is essentially the same as after your fourth, you are 

approaching Resolution—the trajectory is stabilizing. If the compass reading 

changes significantly with each new source, you are not yet resolved—the 

trajectory is still in flux. The Resolution Index tells you when to stop 

investigating: when additional sources stop changing the picture, you have either 

reached Consensus, reached a stable Contradiction, or confirmed that I is 

irreducibly high. In all three cases, further investigation is unlikely to change 

your assessment, and you can make your decision—or your formal abstention—

with confidence that you have extracted what the available evidence can offer. 

A practical way to estimate the Resolution Index: after each new source, ask 

yourself, “Did this source change my zone?” If the answer is no for two 

consecutive sources, you are approaching Resolution. If the answer is yes—if each 

new source shifts you from Consensus to Contradiction or from Ambiguity to 

Ignorance—you are still in flux and should continue investigating if the stakes 

warrant it. 
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Between these two metrics, you have a complete GPS for epistemic 

navigation. The Coherence Score tells you the direction: are you converging or 

diverging? The Resolution Index tells you the state: have you arrived, or are you 

still in transit? Together, they answer the question that the static compass 

cannot: “Should I keep investigating, or do I have enough to decide?” 

•    •    • 

Carla’s Resolution 

Let us finish Carla’s story, because it illustrates both metrics in action. 

After discovering the EMA pharmacovigilance request that the AI had missed, 

Carla conducts her own investigation. She checks the WHO’s VigiAccess database 

for adverse event reports (Step 4). She finds a cluster of liver-related reports from 

European post-market surveillance, concentrated in patients over seventy-five. 

This is Conflict: F rises further. Coherence Score through four steps: one 

Refinement (Step 1), three Conflicts (Steps 2, 3, 4). The trajectory is clearly 

diverging from the AI’s initial confident assessment. 

She contacts a pharmacovigilance colleague at the company’s European office 

(Step 5). The colleague confirms the EMA request and adds that the company is 

preparing an updated risk management plan for the elderly population. This is 

mixed: it is Conflict (the concern is real) but also Refinement of the Conflict itself 

(the concern is being managed, which reduces I somewhat). The Resolution 

Index is beginning to stabilize: Steps 4 and 5 are consistent with each other and 

with the pattern that emerged in Steps 2 and 3. 

She reviews the ANVISA approval dossier herself (Step 6). The original 

approval was based on clinical trials that underrepresented patients over 

seventy—only 12% of trial participants were in that age group, despite the fact 

that the target population skews much older. This is the I dimension becoming 

concrete: the approval is technically valid, but it rests on an evidence base that 



 

 150 

may not represent the real-world patient population. The Resolution Index has 

stabilized: Step 6 is consistent with the pattern from Steps 2 through 5. 

Carla’s final compass reading: T = moderate (the drug has genuine efficacy 

data, and the approval is valid). I = high (the clinical trials underrepresent the 

key demographic, and long-term data does not yet exist). F = moderate-to-high 

(the liver enzyme signal is real and concentrated in the population most likely to 

use the drug). Coherence Score: 1 Refinement out of 6 steps. The trajectory 

diverged sharply from the AI’s initial Consensus assessment. Resolution Index: 

stabilized after Step 5. Further investigation is unlikely to change the picture 

significantly. 
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Figure 6.1. Carla's epistemic trajectory across six investigative steps. Truth declines 

from 0.85 to 0.55 while Indeterminacy and Falsity rise sharply. Coherence Score: 0.20 

(diverging). Resolution Index: 0.93 (stabilized). The trajectory diverges from the AI's 

initial Consensus assessment into Contradiction-Ambiguity. 

Her decision: she does not recommend withdrawing the drug—that would be 

an overreaction to the current evidence. But she does recommend an enhanced 

monitoring protocol for patients over seventy, a proactive communication to 

prescribing physicians about the liver enzyme signal, and a request to the medical 

affairs team to advocate for an age-stratified post-market study. She writes a 
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compliance memo documenting the entire trajectory: the AI’s initial assessment, 

the progressive discovery of contradicting evidence, the stabilization of the 

compass reading, and the rationale for her recommendation. 

That memo is a model of professional epistemic practice. It shows the 

trajectory, not just the conclusion. It shows how the compass reading evolved. It 

shows the Coherence Score and the Resolution Index, even if Carla does not use 

those exact terms. And it shows a decision that is proportional to the actual state 

of the evidence—not the state the AI initially presented. 

We want to dwell on the memo for a moment, because it represents 

something that every organization deploying AI for consequential decisions 

should adopt: not just documenting the decision, but documenting the epistemic 

trajectory that led to it. When a regulator, a board member, or a litigator later 

asks “How did you arrive at this recommendation?” Carla can show them not just 

the conclusion but the path—every step, every Refinement, every Conflict, every 

shift in the compass reading. This is professional accountability at its best: 

transparent, traceable, and grounded in a systematic assessment of what was 

known, what was unknown, and what was contradicted at the time the decision 

was made. 

Compare this to the standard practice at most organizations: the AI produces 

a recommendation, the professional reviews it, the professional acts on it or 

modifies it, and the documentation captures only the final decision. If the AI’s 

recommendation was wrong, there is no trail showing why the professional 

trusted it, what evidence was considered, or what contradictions were 

suppressed. The trajectory memo changes this. It creates a complete record of the 

epistemic journey—a record that protects the professional, the organization, and 

the people affected by the decision. 

We have begun recommending that organizations that use AI for 

consequential decisions adopt a “compass log”—a simple document that records 

the initial AI output, the compass reading, any additional sources consulted, the 

trajectory of the compass reading as new evidence arrived, the final zone 
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assessment, and the decision made. The log need not be elaborate. A table with 

six columns—source, T assessment, I assessment, F assessment, move 

(Refinement/Conflict/Resolution), notes—is sufficient. The value is not in the 

format but in the discipline: the discipline of making the epistemic journey visible 

and traceable, rather than hiding it behind a confident final answer. 

•    •    • 

Evaluating AI Reasoning Chains 

The trajectory protocol is not only for your own investigations. It is also a tool for 

evaluating AI systems that conduct multi-step reasoning—systems like Deep 

Research, chain-of-thought reasoning, and AI agents that search multiple sources 

and synthesize results. 

These systems are becoming increasingly common. When you ask a modern 

AI assistant to “research this topic thoroughly,” the system does not produce a 

single response from a single prompt. It conducts a chain of steps: it searches, 

reads, reasons, searches again, reads more, and then produces a synthesis. Each 

step is a move on the compass. And the quality of the final synthesis depends 

entirely on whether those moves were mostly Refinements (converging toward a 

reliable answer) or mostly Conflicts (diverging into unresolved contradictions 

that the synthesis papered over). 

The problem is that current AI systems do not tell you about the trajectory. 

They show you the final synthesis, not the journey. A Deep Research report that 

checked twelve sources and found ten that agreed and two that disagreed looks 

the same, in its confident final paragraph, as a report that checked twelve sources 

and found six that agreed and six that disagreed. Both reports will present a clean 

conclusion. Both will sound authoritative. But the first had a Coherence Score of 

10/12 and the second had a score of 6/12. The first was converging. The second 

was not. And the reader has no way to tell the difference from the output alone. 
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This is where the trajectory protocol becomes a tool for critical reading. When 

you receive a multi-step AI research output, ask: did the system encounter 

sources that contradicted its emerging conclusion? If so, how did it handle them? 

Did it integrate the contradiction into the synthesis (a sign of robust reasoning) 

or did it downweight or ignore the contradicting source (a sign of confirmation 

bias in the reasoning chain)? Can you identify the individual steps in the chain 

and evaluate each one for Refinement or Conflict? 

Most current AI systems do not make this easy. The reasoning chain is hidden 

behind the final output. But you can partially reconstruct it by asking follow-up 

questions: “What sources did you find that contradicted this conclusion?” or 

“What is the strongest argument against the position you just presented?” If the 

system can produce a compelling counter-argument, the contradiction was likely 

present in its reasoning chain and was suppressed in the synthesis. If the system 

struggles to produce a counter-argument, the contradiction may not have been 

present in its sources—which itself is information about the breadth of its search. 

In an ideal world, AI systems would emit their trajectory alongside their 

conclusions: “Here is my assessment. My Coherence Score across eight sources 

was 6/8. Two sources conflicted with my conclusion, and here is what they said. 

My Resolution Index stabilized after source six.” Some research prototypes 

already do this. It is, we believe, inevitable that this will become a standard 

feature of AI outputs within the next few years, because the demand for epistemic 

transparency is growing faster than the demand for more confident answers. 

When that happens, the trajectory protocol you are learning in this chapter will 

be the tool for reading those transparency reports—for evaluating not just what 

the AI concluded, but how reliably it got there. 

•    •    • 

Three Decision Templates 

We want to close this chapter with three decision templates that combine the 

static compass from Chapter 5 with the dynamic trajectory from this chapter. 
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These are the protocols you will use most often, calibrated to three levels of 

stakes. 

Template One: The Quick Check. For low-stakes decisions where the cost of 

being wrong is small and reversible. Run the three questions once, on the AI’s 

initial output. Identify the zone. If Consensus, act. If anything else, escalate to the 

Investigation Protocol. Time: two to five minutes. Use this for routine queries, 

factual lookups, standard calculations, and any situation where a wrong answer 

would be annoying but not consequential. 

Template Two: The Investigation Protocol. For medium-stakes decisions 

where the cost of being wrong is significant but manageable. Run the three 

questions on the AI’s initial output. Identify the zone. If not in Consensus, check 

two to four additional sources independently. Track the trajectory: compute a 

rough Coherence Score and note whether the Resolution Index is stabilizing. If 

the trajectory converges toward Consensus, act with the additional confidence the 

investigation provides. If the trajectory diverges or stabilizes in Contradiction or 

Ambiguity, escalate to the Full Audit or exercise proportional caution. Time: 

fifteen to thirty minutes. Use this for clinical decisions with available alternatives, 

contract reviews, investment analyses, editorial fact-checks, and any situation 

where the consequences are real but recoverable. 

Template Three: The Full Audit. For high-stakes decisions where the cost of 

being wrong is severe and potentially irreversible. Run the three questions on the 

AI’s initial output. Check five or more independent sources across diverse 

perspectives. Track the complete trajectory with explicit Coherence Score and 

Resolution Index. Map the disagreement in Contradiction zones: who says what, 

why, and under what conditions. Document the entire assessment, including the 

trajectory, in a written memo. Present the compass reading and trajectory to the 

decision-making team, not just the conclusion. If I remains high after a full 

investigation, invoke the Abstention Principle with an explicit timeline for re-

evaluation. Time: one to four hours, possibly spread across several days. Use this 

for organizational restructuring, major capital allocation, policy 
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recommendations, diagnostic decisions with irreversible treatment 

consequences, and any situation where getting it wrong could harm people, 

destroy value, or create legal liability. 

These three templates are designed to be memorable and immediately 

actionable. Quick Check. Investigation. Full Audit. The stakes determine the 

template. The template determines the depth. And the depth determines whether 

you catch the contradictions and uncertainties that the AI’s confident tone is 

hiding. 
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Figure 6.2. Three decision templates calibrated to stakes. Quick Check (2–5 

minutes, low stakes), Investigation (15–30 minutes, medium stakes), Full Audit (1–4 

hours, high stakes). When in doubt, escalate one level. 

Here is a practical heuristic for choosing the template: if you can reverse the 

decision tomorrow with minimal cost, use the Quick Check. If reversing the 

decision would be costly but possible, use the Investigation Protocol. If reversing 

the decision would be very costly, very difficult, or would harm people, use the 

Full Audit. When in doubt, escalate one level. The cost of a ten-minute 

investigation on a question that turns out to be straightforward is negligible. The 

cost of a two-minute Quick Check on a question that turns out to be a 

Contradiction zone landmine can be enormous. 

Carla, our compliance officer, instinctively escalated from Quick Check (her 

first query) to Investigation (her second and third queries) to Full Audit (her 

complete six-step trajectory). Her instinct was guided by the compass: each 

Conflict signal she encountered raised the stakes and triggered the next template. 

This escalation pattern—start fast, deepen when the compass signals trouble—is 

the natural rhythm of compass-informed professional practice. Most of the time, 

you stay at Quick Check. Occasionally, you escalate to Investigation. Rarely, you 

need a Full Audit. But when you need it, having the template ready is the 

difference between a structured, defensible decision and a hasty one that may be 

regretted. 

•    •    • 

The Hardest Lesson: Irreducible Uncertainty 

There is one more concept we need to give you before we move to the final 

chapter, and it is the concept that separates an adequate decision-maker from a 

genuinely wise one. 

Not all uncertainty can be resolved by gathering more information. Some 

uncertainty is reducible: you do not know the answer now, but with more 

research, more data, more time, you could know it. The AI’s training data might 
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be outdated, but the current information exists and is accessible. The clinical trial 

might be incomplete, but a larger trial is underway and will report in six months. 

Reducible uncertainty calls for investigation. It calls for patience. It calls for the 

discipline to delay action until the evidence improves. 

But some uncertainty is irreducible. The long-term effects of a drug that has 

only been on the market for eighteen months are genuinely unknown—not 

because no one has studied them, but because the time has not passed. The 

geopolitical consequences of a policy decision are genuinely uncertain—not 

because the analysts are lazy, but because the system is too complex and too 

sensitive to initial conditions for reliable prediction. The cultural fit of an 

educational technology in a context where it has never been deployed is genuinely 

indeterminate—not because no one has thought about it, but because the answer 

will only emerge from the deployment itself. 

The compass helps you distinguish between these two types. If I is high 

because of identifiable gaps that can be filled—missing data, unchecked sources, 

unasked questions—the uncertainty is likely reducible. Investigate. If I is high 

because the question involves future events, novel situations, or systems too 

complex for reliable prediction, the uncertainty is likely irreducible. No amount 

of additional research will reduce it significantly. In this case, the honest 

response is to acknowledge the irreducibility, communicate it clearly to 

stakeholders, and make a decision that is proportional to the genuine state of 

knowledge—or to abstain formally if the stakes are too high to justify action 

under irreducible uncertainty. 

This distinction—between “I don’t know yet” and “no one can know yet”—is 

one of the most valuable intellectual habits you can develop. And it is one of the 

habits that the AI age most urgently requires, because AI systems treat all 

uncertainty the same way: by ignoring it. They do not distinguish between 

questions they could answer with better data and questions that no amount of 

data could currently resolve. That distinction is your job. The compass gives you 

the framework for making it. And the wisdom to act on it—to accept that some 
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fog will not lift no matter how long you wait—is the gift of the intellectual 

traditions we explored in Chapters 3 and 4: the monks who formalized productive 

doubt, and the Andean thinkers who built civilizations in the space between 

knowing and not knowing. 

Let me give you a practical test for distinguishing the two. Ask yourself: “If I 

had unlimited resources and unlimited time, could this question be answered 

definitively?” If the answer is yes—if a larger study, a better dataset, or a longer 

observation period would resolve the uncertainty—then the uncertainty is 

reducible. Investigate. If the answer is no—if the question involves inherently 

unpredictable systems, future events that depend on human choices not yet 

made, or cultural realities that resist quantification—then the uncertainty is 

irreducible. Acknowledge it. Communicate it. And make your decision in full 

awareness that no amount of additional AI processing will eliminate the fog. 

The most common professional mistake I see is treating irreducible 

uncertainty as if it were reducible—commissioning more reports, running more 

queries, consulting more AI systems, in the hope that the next output will provide 

the clean answer that the previous four did not. If the uncertainty is genuinely 

irreducible, the fifth report will look like the fourth: confident but unconvincing. 

The compass, by distinguishing between reducible and irreducible I, saves you 

from the trap of infinite investigation. It tells you when to act despite the 

uncertainty—proportionally, reversibly, honestly—and when to stop searching for 

a certainty that does not exist. 

•    •    • 

The Complete Toolkit 

You now have everything. The compass gives you the snapshot: where you stand 

at any moment. The trajectory gives you the movie: where your understanding is 

moving as you investigate. The three templates give you the protocol: how deep 

to go, calibrated to the stakes. And the distinction between reducible and 
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irreducible uncertainty gives you the wisdom: when to keep investigating and 

when to accept the limits of knowledge. 

What you do not yet have—and what the final chapter of this book addresses—

is the vision. What would it look like if the machines themselves could do what 

you have learned to do? What would it look like if AI systems emitted compass 

readings alongside their responses—not just the answer, but the structure of 

uncertainty around the answer? What would it look like if the technology 

industry took the Third Answer seriously, not as a philosophical curiosity but as 

an engineering requirement? 

And what would it mean for the world—for your world, for Latin America, for 

the Global South—if the intellectual traditions that gave birth to this framework 

were recognized not as provincial curiosities but as the source of the most 

important upgrade AI needs? 

The final chapter is about that vision. It is about the machine that can say “I 

don’t know.” It is about why building that machine is possible, why it is urgent, 

and why the people best positioned to build it may not be where the technology 

industry expects to find them. 

 
— End of Chapter Six — 
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P A R T  F O U R :  T H E  
F U T U R E  

 

C H A P T E R  S E V E N  

The Honest Machine 

“We do not need machines that are smarter. We need 
machines that are wiser. And wisdom begins with 

knowing what you do not know.” 

— The authors 

Imagine this. 

You open your search engine. You type: “Is intermittent fasting healthy?” 

Instead of the confident paragraph you are accustomed to—a smooth synthesis 

that picks a side and presents it as settled science—you see something different. 

You see a structured display with three dimensions: 

Truth: 0.65. Substantial evidence supports metabolic benefits including 

improved insulin sensitivity, reduced inflammation markers, and potential 

neuroprotective effects. Primary sources: fourteen randomized controlled trials, 

three systematic reviews, consistent findings across multiple populations. 

Indeterminacy: 0.40. Long-term effects beyond two years are poorly 

studied. Individual variation in response is high and poorly understood. Genetic 

and hormonal factors that modulate the response have been identified but not 

yet characterized at clinical resolution. The evidence base underrepresents 

women, elderly populations, and individuals with metabolic conditions. 

Falsity: 0.35. Some evidence of adverse effects in specific populations: 

increased cortisol in individuals with stress-related conditions, potential for 

disordered eating patterns in psychologically vulnerable populations, and a 
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large cohort study suggesting increased cardiovascular mortality risk with 

meal-skipping patterns that overlap with intermittent fasting protocols. 

Below these three dimensions, the system presents four sources that drove T 

upward, two sources that drove F upward, and three specific open questions that 

constitute the I. You can click into any of them. You can see the landscape of the 

evidence—not a synthesis, but a map. And at the bottom, a single sentence: “This 

query falls in the Contradiction-Ambiguity zone. The evidence supports benefits 

in some contexts and risks in others. Individual medical consultation is 

recommended before acting.” 

Notice what this display does that the confident paragraph does not. It tells 

you the shape of the evidence, not just its summary. It tells you where the 

evidence is strong, where it is weak, and where it is actively contested. It gives 

you the raw material for your own judgment rather than substituting the 

machine’s judgment for yours. And it does something that may be its most 

important function: it tells you what is genuinely unknown—the I dimension—

which is the information that confident paragraphs systematically destroy. The I 

is where the next important study will be conducted. It is where the gaps in 

current knowledge live. It is, in many cases, the most practically useful 

dimension, because it tells you what questions to ask your doctor, what caveats to 

apply to the general findings, and what aspects of your individual situation the 

evidence cannot address. 

Imagine this display not just for health questions but for every consequential 

query a professional makes. A lawyer asking about the enforceability of a contract 

clause sees T, I, F for the legal analysis, with the specific cases and statutes that 

support and oppose the conclusion. A financial analyst asking about a company’s 

outlook sees the bull case, the bear case, and the open questions, structured as 

separate dimensions rather than averaged into a single narrative. A policymaker 

asking about the effects of a proposed regulation sees the supporting evidence, 

the contradicting evidence, and the domains where evidence does not yet exist. In 
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each case, the user receives not an answer but a landscape—a three-dimensional 

map of what is known, what is unknown, and what is contested. 

This is not a fantasy. Every component of this display is technically feasible 

with current technology. The mathematical framework exists—it is the 

neutrosophic logic that this book has been building toward. The source analysis 

can be done by existing retrieval-augmented generation systems. The zone 

classification is a matter of thresholds on T, I, and F values. The structured 

display is a design choice, not an engineering challenge. 
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Figure 7.1. The Honest Machine — what AI responses could look like with 

neutrosophic uncertainty decomposition. A query about intermittent fasting yields T = 

0.65, I = 0.40, F = 0.35: Contradiction-Ambiguity zone. Compared to the current AI 

output (confident, fluent, missing the I and F entirely). 

What does not yet exist is the institutional will to build it. And that is what 

this chapter is about: why the honest machine is possible, why it is necessary, and 

what stands between where we are and where we need to be. 

We have been asked, in lectures and workshops, whether the honest machine 

would be “less useful” than the confident machine—whether users would be 

frustrated by a system that sometimes says “I’m not sure.” The question reveals 

the depth of the problem. We have so thoroughly normalized overconfidence that 

honesty feels like a downgrade. But consider: would you prefer a financial advisor 

who always gives you a recommendation, even when the evidence is mixed and 

the outlook is genuinely uncertain? Or would you prefer one who says “The 

evidence on this is genuinely mixed—here is what supports the investment, here 

is what argues against it, and here is what I cannot determine from the available 

data”? The first advisor is more comfortable. The second advisor is more 

trustworthy. And over time, the second advisor’s clients make better decisions, 

because they are making them with their eyes open. 

The honest machine is the second advisor. It is less comfortable. It is more 

trustworthy. And over the course of a thousand interactions, it produces vastly 

better outcomes than the confident machine, because it catches the 5% to 15% of 

cases where the confident machine was wrong but sounded right—the cases 

where the cost of acting on fabricated confidence can be devastating. 

There is a deeper reason people resist the idea of an honest machine, and 

naming it is important for understanding the cultural shift this book calls for. The 

confident machine flatters us. When we receive a clean, authoritative answer, we 

feel efficient, productive, decisive. We feel like we are keeping up with the pace of 

the modern world. The honest machine does not flatter us. It says: “This is more 

complicated than you hoped. The evidence is mixed. You cannot decide yet.” That 
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message feels like friction. It feels like the machine is slowing us down, making 

our lives harder, adding uncertainty to a world that already has too much of it. 

But the uncertainty was always there. The confident machine did not remove 

it. It hid it. The honest machine does not add uncertainty to your life. It reveals 

the uncertainty that was already present in your situation, that the confident 

machine was concealing behind fluent prose. And revealing it—making it visible, 

structured, and navigable—is a service, not a burden. The compass does not 

create fog. It shows you where the fog already is, so you can navigate through it 

with your eyes open rather than walking blindly and hoping for the best. 

•    •    • 

The Technical Vision 

Let me be specific about what an honest AI system would look like, because 

specificity is the difference between a vision and a wish. 

The first feature is source-level uncertainty decomposition. For every claim 

the system makes, it would compute or estimate T, I, and F based on the sources 

it consulted. This is not as exotic as it sounds. Current retrieval-augmented 

generation systems already retrieve multiple sources and assess their relevance. 

What they do not do is assess the structure of agreement and disagreement 

among those sources. A system that retrieves ten sources and finds nine that 

agree has a very different epistemic situation than one that finds five for and five 

against. Current systems collapse this difference. An honest system would 

preserve it. 

The second feature is automatic conflict detection. When retrieved sources 

contradict each other—when one study says a treatment is effective and another 

says it is not—the system would flag the contradiction explicitly rather than 

averaging it away. This is technically straightforward: you compare the key claims 

across sources and identify inconsistencies. The challenge is not detection. The 

challenge is presentation: how do you communicate a contradiction to a user who 
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expects a clean answer? The four-zone framework provides the answer: you tell 

the user which zone they are in and what the appropriate response is. 

The third feature is calibrated abstention. The system would have a formal 

threshold for I—a level of indeterminacy above which it declines to produce a 

confident answer and instead reports the uncertainty explicitly. This threshold 

would be adjustable by domain: lower for medical queries (where the cost of 

acting on uncertain information is high) and higher for casual informational 

queries (where the cost is low). The system would say, in effect: “My confidence 

in answering this question reliably is below the threshold for this domain. Here is 

what I found, but I recommend additional investigation before acting.” 

The fourth feature is trajectory reporting. For multi-step reasoning chains—

Deep Research, agentic workflows, chain-of-thought reasoning—the system 

would report the Coherence Score and Resolution Index alongside the final 

answer. The user would see not just the conclusion but the shape of the reasoning 

that produced it: how many sources converged, how many conflicted, and 

whether the chain stabilized or remained in flux. This is the feature that would 

most transform how professionals interact with AI, because it would make the 

quality of the reasoning visible, not just the quality of the output. 

None of these features require fundamental breakthroughs. They require 

engineering decisions—and behind those engineering decisions, business 

decisions, because building honest systems means building systems that 

sometimes say “I’m not sure,” and that is a harder product to sell than one that 

always sounds confident. The gap between where we are and where we need to be 

is not technical. It is cultural and commercial. 

Consider the business case. A consulting firm invests in an AI research tool 

for its analysts. Would that firm prefer a tool that confidently generates research 

summaries—even if 15% of those summaries contain subtle errors—or a tool that 

generates slightly less fluid summaries but flags, explicitly, when the evidence is 

contradictory, when the sources are thin, and when the conclusion is fragile? The 

first tool sounds better in a demo. The second tool saves the firm from the 
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catastrophic reputational damage of presenting fabricated or misleading analysis 

to a client. The first tool optimizes for the appearance of competence. The second 

optimizes for actual reliability. The market has not yet fully grasped this 

distinction, but it will. The first malpractice lawsuit against a firm that relied on 

unverified AI-generated analysis will accelerate the transition overnight. 

In healthcare, the business case is even clearer. Hospitals are deploying AI 

clinical decision support systems that generate treatment recommendations. The 

liability exposure of a system that recommends a treatment without disclosing 

that the evidence is contradictory or that the patient’s demographic is 

underrepresented in the clinical trials is enormous. A system that reports T, I, F 

alongside its recommendation does not eliminate liability—but it transforms the 

liability from “the system gave a confident wrong answer” to “the system 

disclosed its uncertainty, and the physician made an informed judgment.” That is 

a fundamentally different legal and ethical position. 

The honest machine is not just a better product. It is a less dangerous product. 

And in an industry that is beginning to face regulatory scrutiny, liability 

exposure, and public skepticism about AI reliability, “less dangerous” is a 

compelling value proposition. 

•    •    • 

The Regulatory Moment 

The commercial incentives may not change on their own. But the regulatory 

environment is changing in ways that make honest AI systems not just desirable 

but increasingly mandatory. 

The EU AI Act, which came into force progressively from 2024 onward, 

requires that high-risk AI systems provide users with “transparency” and support 

“human oversight.” But the Act does not specify what transparency means in 

practice. A system that says “93% confident” meets a narrow reading of the 

requirement—it has provided a number. But as this book has argued across seven 
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chapters, a single confidence number is not transparency. It is a compression of 

multidimensional epistemic reality into a single scalar that destroys exactly the 

information the user needs. Real transparency—the kind that enables meaningful 

human oversight—requires the decomposition that the T-I-F compass provides: 

what is supported, what is uncertain, and what is contradicted, presented as 

distinct dimensions that the human overseer can evaluate. 

We believe the regulatory trajectory is clear, even if the destination has not yet 

been reached. As AI systems are deployed in higher-stakes domains—healthcare 

diagnostics, judicial risk assessment, financial advisory, autonomous vehicles—

the demand for genuine epistemic transparency will intensify. The question is not 

whether systems will be required to report their uncertainty structures. The 

question is when. And the frameworks presented in this book—the three 

questions, the four zones, the trajectory metrics—provide a concrete, 

implementable template for what that reporting could look like. 

The regulatory movement is not limited to Europe. Brazil’s AI regulatory 

framework, under development since 2023, includes provisions for “algorithmic 

impact assessments” that could require exactly the kind of uncertainty reporting 

this book describes. Canada’s Artificial Intelligence and Data Act includes 

transparency obligations for high-impact systems. China’s regulations on 

generative AI require that outputs be “true and accurate”—a requirement that is 

impossible to enforce without some mechanism for the system to report when it 

cannot meet that standard. Even the United States, which has lagged behind in 

AI regulation, is moving toward sector-specific requirements through executive 

orders and agency guidance, particularly in healthcare and financial services. 

The convergence across jurisdictions is striking: everywhere regulators look at 

AI seriously, they arrive at the same conclusion—that confidence without 

transparency is not acceptable for high-stakes applications. The T-I-F compass 

and its associated protocols are not just an individual thinking tool. They are a 

regulatory template waiting to be adopted. 
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Our research is moving in this direction. The neutrosophic uncertainty 

quantification framework we have developed—which decomposes AI confidence 

into T, I, F values using semantic clustering over generated responses—is a 

working prototype of the kind of system we are describing. It is published, it is 

open source, and it is model-agnostic: it works with any large language model 

through its standard interface. It is not the only approach, and it may not be the 

final one. But it demonstrates that the honest machine is not a theoretical 

aspiration. It is an engineering project that has already begun. 

The NeutrosophicUQ framework, the LED (Dynamic Epistemic Logic) 

protocol for evaluating reasoning chains, and the GFD-N (Geometric Frontier 

Decision-Neutrosophic) framework for analyzing classifier decision 

boundariesrepresent different facets of the same vision: giving AI systems the 

mathematical vocabulary to say “I don’t know” with the same precision they 

currently use to say “Here is the answer.” The code is open. The papers are 

published. The frameworks await implementation at scale. 

•    •    • 

The Latin American Contribution 

This book has argued that the intellectual tools for building honest AI systems 

have deep roots—roots that run through Salamanca, through the Andes, through 

the weaving looms and stone gateways and philosophical traditions of Latin 

America. we want to close by making the political argument that this intellectual 

genealogy implies. 

The global AI industry is concentrated in a handful of cities in the United 

States and, increasingly, China. The intellectual culture of this industry is 

overwhelmingly shaped by the Anglo-American analytic tradition: utilitarian 

ethics, empiricist epistemology, and the optimization frameworks that descend 

from them. This is not a criticism of the analytic tradition, which has produced 

extraordinary scientific and technological achievements. It is a claim about 

limitations. The analytic tradition is powerful for the problems it was designed to 
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address. It is insufficient for the problems that AI now faces—problems of 

irreducible uncertainty, of contradictory evidence, of knowledge that is relational 

and culturally situated, of ethical boundaries that cannot be captured by 

optimization functions. 

The intellectual traditions of Latin America—the Salamancan framework for 

productive doubt, the Andean logic of complementary contradiction, the ch’ixi 

insistence on non-resolution, the In Lak’ech principle of relational knowledge, 

the Sumak Kawsay ethic of epistemic boundaries—are not interesting footnotes to 

the history of logic. They are the missing half of the intellectual infrastructure 

that AI requires. And the people who carry these traditions—the scholars, the 

communities, the practitioners, the cultures—are not peripheral to the AI 

revolution. They are, or should be, central to it. 

This is not a call for inclusion as a courtesy. It is a call for inclusion as a 

strategic necessity. The AI industry is facing a crisis of overconfidence that it 

cannot solve with the tools it currently possesses, because the tools it possesses 

were designed for a binary world, and the world AI operates in is not binary. The 

tools for navigating the non-binary world exist. They have been tested at 

civilizational scale. They have survived five centuries. And they are held, 

primarily, by communities that the technology industry has not yet learned to 

listen to. 

We write this book mainly from Latina America—not from San Francisco, not 

from London, not from Beijing. We write it as researchers whose intellectual 

formation includes both the formal mathematics of neutrosophic logic and the 

philosophical traditions of the continent I live on. We write it having watched the 

AI revolution unfold primarily in English, primarily in Northern academic 

journals, primarily through frameworks that treat certainty as a goal and 

uncertainty as a deficiency. And We write it to say: there is another way. There 

has always been another way. And the machines we are building will not be 

worthy of the power we are giving them until we build that other way into their 

architecture. 
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We are not naive about the power dynamics involved. The AI industry is 

shaped by capital, by computing infrastructure, by talent pipelines that flow 

through a handful of institutions. Researchers in Guayaquil do not have the same 

resources as a researcher at Google DeepMind or at MIT. But resources are not 

the only form of power. Ideas are a form of power too. And the idea at the core of 

this book—that the most important upgrade AI needs is the ability to represent 

what it does not know—is an idea whose time has arrived, regardless of where it 

originates. 

The history of science is full of ideas that came from the periphery and 

reshaped the center. Ramanujan worked in India, far from the mathematical 

establishment, and revolutionized number theory. Barbara McClintock worked 

outside the mainstream of genetics for decades before her discovery of 

transposable elements was recognized with a Nobel Prize. Smarandache himself 

developed neutrosophy as a Romanian immigrant working at a small university 

in New Mexico, far from the centers of logical research. The periphery has a 

structural advantage: it is not committed to the assumptions of the center. It can 

see what the center cannot, because it is not blinded by the same light. 

Latin America’s contribution to the future of AI will not be a replica of Silicon 

Valley. It will be something the world has not seen before: a technology practice 

informed by five centuries of philosophical engagement with uncertainty, 

contradiction, and the limits of knowledge. A practice that builds honest 

machines not as a constraint on performance but as a feature of intelligence. A 

practice that treats “I don’t know” not as a failure but as the beginning of wisdom. 

What would it look like for Latin America to lead in this space? Not by 

building larger language models—that requires computational infrastructure that 

is concentrated elsewhere. But by building the frameworks that make those 

models trustworthy. The T-I-F compass. The trajectory protocol. The zone-based 

decision system. The ethical boundaries that Sumak Kawsay provides. These are 

intellectual exports—frameworks of thought that any AI system anywhere in the 

world can implement. And they come from here. They come from the traditions 
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of this continent. They come from the intellectual labor of communities that the 

technology industry has never asked for advice. 

We are building a research program around this vision. The articles are 

published. The code is open. The courses are being taught. Our students in Latina 

America are learning to evaluate AI outputs with the same rigor that students at 

Stanford or MIT learn to build them. And we believe—with a conviction that has 

grown stronger with every chapter of this book—that the ability to evaluate AI 

honestly is at least as important as the ability to build AI systems. The builders 

create the power. The evaluators ensure the power is trustworthy. And the 

frameworks for evaluation come not from the centers of power but from the 

traditions that have been navigating power’s uncertainties for longer than anyone 

else. 

•    •    • 

What You Can Do Monday Morning 

We want to close this book not with a grand vision but with a set of specific, 

practical actions that you can take immediately—starting the next time you 

interact with an AI system. 

First: use the three questions. Every time an AI gives you a response that 

matters—that will influence a decision, a recommendation, a professional 

judgment—run the compass. What supports this? What is unknown? What 

contradicts it? You do not need to compute numbers. You need to identify the 

zone. And the zone will tell you whether to act, investigate, or abstain. This takes 

two minutes for a medium-stakes query. It takes thirty seconds for a low-stakes 

one. It will become automatic within a week of practice. 

Second: demand transparency. When your organization evaluates AI tools for 

procurement, ask the vendor: does this system report its uncertainty structure? 

Does it flag when sources contradict each other? Does it have a mechanism for 

abstaining when evidence is insufficient? If the answer is no to all three, you are 
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buying a machine that is architecturally incapable of saying “I don’t know”—and 

you should factor that limitation into your risk assessment. 

Third: teach the compass to one other person. The framework is simple 

enough to be taught in a twenty-minute conversation. Share it with a colleague, a 

student, a friend who uses AI for consequential decisions. The value of the 

compass increases with the number of people who use it, because it creates a 

shared vocabulary for discussing epistemic quality. When your team can say 

“This is a Contradiction zone situation” and everyone knows what that means, the 

quality of your collective decision-making improves immediately. 

Fourth: when AI gives you a confident answer, ask it one question that the 

compass inspires: “What are you most uncertain about in this response?” The 

answer may surprise you. Some AI systems, when prompted to reflect on their 

own uncertainty, produce remarkably honest assessments of where their 

knowledge is thin. They do not do this spontaneously—they must be asked. The 

three questions teach you to ask. And the act of asking changes the interaction 

from passive consumption of confident text to active interrogation of a system 

that has more to tell you than its default output reveals. 

Fifth: follow the research. The formal frameworks that underpin this book—

neutrosophic uncertainty quantification, dynamic epistemic logic, the geometric 

analysis of decision boundaries—are published, open source, and under active 

development. If you are technically inclined, the code is available. If you are not, 

watch for the products that begin to incorporate these ideas. They are coming. 

The research community that produced the T-I-F compass is small but growing, 

and it spans multiple continents, multiple disciplines, and multiple intellectual 

traditions. This book was the on-ramp. The highway is open. 

Sixth: if you are an educator, teach the compass to your students. The 

generation entering professional life today will use AI more extensively than any 

generation before them. They will face the overconfidence problem daily. They 

need the compass not as an academic concept but as a professional survival 

skill—as fundamental as knowing how to read a financial statement, how to 
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evaluate a research paper, or how to assess the credibility of a source. We have 

integrated the compass into postgraduate teaching a, and the results have been 

immediate and visible: students who learn the three questions produce sharper 

analyses, ask better follow-up questions, and make more honest assessments of 

what they know and what they do not. The compass does not make them slower 

or more cautious. It makes them more precise. 

Seventh: if you are in a position of institutional authority—if you manage 

teams, set policy, or make procurement decisions—advocate for epistemic 

transparency as a requirement, not a feature. When your organization evaluates 

AI vendors, add “uncertainty reporting” to the specification. When your team 

presents AI-assisted analysis, require the compass log. When a decision is made 

on the basis of AI output, insist on documentation of the T, I, F assessment. 

These are small administrative changes with large downstream effects. They 

create a culture where honesty about uncertainty is valued rather than 

punished—and that culture, over time, produces organizations that make better 

decisions. 

•    •    • 

The Third Answer 

We began this book in a courtroom in Manhattan, where a lawyer’s career was 

destroyed because a machine could not say “I don’t know.” We traveled through 

Salamanca, where monks told an empire that its certainty was a form of violence. 

We traveled through Tiwanaku, where stonemasons carved a logic of 

complementary opposites into stone. We traveled through the weaving looms of 

Aymara women, where the coexistence of contradictory colors in a single fabric 

became a philosophy of knowledge. We traveled through the mathematics of 

Florentin Smarandache, where these intuitions became equations. And we 

arrived at a compass—three questions, four zones, one decision framework—that 

you can carry into any room where a machine is speaking with authority. 
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Along the way, we met Dr. Morales in Colombia, adjusting a prescription 

because the compass showed her a risk the AI had buried in a subordinate clause. 

We met a lawyer in Mexico City who saved a client from a flawed contract clause 

because she checked the citations and found one that did not exist. We met a 

financial analyst in Santiago who presented both sides of an investment thesis 

instead of picking the bullish narrative the AI preferred. We met a journalist in 

Buenos Aires who chose to say “the data is contested” rather than projecting a 

false precision that would have betrayed her readers. We met a policymaker in 

Ecuador who recommended a pilot study instead of a nationwide rollout, sparing 

thousands of students from an untested educational technology. And we met a 

professor in Guayaquil who chose a conversation with a student over an 

algorithm’s verdict. 

These are not heroic stories. They are ordinary professional decisions—made 

slightly better, slightly more honest, slightly more aligned with the actual state of 

knowledge—because the person making them had a compass that the machine 

did not provide. That is what this book gives you. Not certainty. Not a guarantee 

of being right. But a tool for knowing where you stand, and the courage to stand 

there honestly. 

The journey was long because the problem is deep. It is not enough to build 

better AI. It is not enough to train larger models on more data. The problem is 

architectural: the machines we built inherited a 2,400-year-old logical framework 

that has no room for “I don’t know.” And the solution requires not just a new 

mathematical formalism but a new relationship with uncertainty itself—one that 

treats the space between true and false not as a gap to be closed but as a 

dimension to be navigated. 

That relationship is not new. It has been practiced, refined, and encoded in 

the intellectual traditions of Latin America for five centuries. The monks of 

Salamanca formalized productive doubt. The Andean civilizations formalized 

productive contradiction. The weavers of Bolivia embodied the coexistence of 
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irreconcilable truths in every thread. And a mathematician in New Mexico gave it 

all a name and a set of equations that can be implemented in silicon. 

The Third Answer is not mine. It belongs to the traditions that produced it, to 

the communities that have carried it, and now to you—to anyone who decides 

that a confident answer is not enough, that the structure of uncertainty is itself 

information, and that the most powerful thing a machine can say is the sentence 

it was never built to produce: 

“I don’t know. Here is what I know. Here is what I don’t. Here is 

where the evidence conflicts. And here is why that matters.” 

For 2,400 years, we built machines that could only say yes or no. For five 

centuries, Latin American thinkers—monks, philosophers, weavers, healers, 

mathematicians—have practiced a logic that includes a third answer. Now, for the 

first time in history, we can build that logic into the machines themselves. 

The question is not whether AI will learn to say “I don’t know.” 

The question is whether we will have the courage to demand it. 

You now have the tools. Three questions that take two minutes. Four zones 

that name the landscape. A trajectory protocol that tells you whether your 

investigation is converging or diverging. Three decision templates calibrated to 

the stakes. And a five-century intellectual tradition—from Salamanca through the 

Andes through the mathematics of neutrosophy—that gives you the deepest 

possible reason to trust the framework: it has been tested at civilizational scale, 

by people who faced genuine uncertainty with courage and rigor, long before the 

first transistor was ever etched in silicon. 

The confident machine will keep producing confident answers. That is what it 

was built to do. Your job—the job this book has equipped you for—is to be the 

person in the room who knows the difference between confidence and 

knowledge, between fluency and truth, between a clean answer and an honest 

one. 
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Be that person. Start tomorrow. Start with the next query. The machine will 

not tell you when it is guessing. But now you know how to find out. 

 
— End of Chapter Seven — 

 
— End of The Third Answer — 
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A P P E N D I X  A :  T H E  T - I - F  Q U I C K  
R E F E R E N C E  C A R D  

 
Print this page. Pin it next to your desk. Use it every time an AI gives you a response 

that matters. 

 
This card condenses the entire framework from Chapters 2, 5, and 6 into a single-page 

reference. The first time you use it, allow five minutes per query. Within a week of 

practice, the three questions will become automatic—a cognitive reflex that runs in the 

background of every interaction with an AI system. Most queries will resolve at a glance: 

T is obviously high, I is obviously low, F is negligible, you are in Consensus, move on. 

The card earns its keep on the 10–15% of queries where the zone is not obvious—the 

queries where the AI’s confidence exceeds its reliability and the compass catches the 

mismatch. 

 

The Three Questions 

 

Needle Question Sub-Questions 

T (Truth) What supports this? 
How much evidence? How 
strong? How independent? 
How recent? 

I (Indeterminacy) What is genuinely unknown? 

What assumptions are 
unstated? What data is 
missing? How novel is the 
situation? What would change 
the conclusion? 

F (Falsity) What contradicts this? 

Are there opposing sources? 
Counterexamples? Substantive 
dissent? Internal 
contradictions? 

 

The Four Zones 
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🟢  CONSENSUS 

Signature: T high, I low, F low 

Action: Trust it. Act. 

Examples: factual lookups, well-established calculations, standard protocol 

applications, translations of straightforward text. 

 

🟡  AMBIGUITY 

Signature: I high (regardless of T and F) 

Action: Seek more information. Do not act yet. 

Examples: questions about novel situations, under-studied populations, recent 

events not in training data, domain-specific queries outside the AI’s demonstrated 

competence. 

 

🔴  CONTRADICTION 

Signature: T high AND F high 

Action: Investigate both sides. Map the disagreement. 

Examples: contested medical interventions, policies with winners and losers, 

investment theses with bull and bear cases, historical events with multiple valid 

interpretations. 

 

⚫  IGNORANCE 

Signature: All low, or I overwhelming 

Action: Abstain. The AI is guessing. 

Examples: predictions about unprecedented events, niche questions far from 

training data, questions requiring real-world information the system cannot 

access. 

 

The Abstention Threshold 

 
If I exceeds both T and F, do not act. Investigate, seek more information, 

and rerun the compass when I has decreased. 

 
If the consequences of being wrong are severe and irreversible, raise the bar for action: 

require high T, low I, and low F before proceeding. 
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The Three Decision Templates 

 

Template When to Use Time 

Quick Check 
Low-stakes, reversible 
decisions 

2–5 minutes 

Investigation Protocol 
Medium-stakes, significant but 
manageable cost of error 

15–30 minutes 

Full Audit 
High-stakes, potentially 
irreversible consequences 

1–4 hours 

 

The Paraconsistency Insight 

T + F can be greater than 1. A claim can be simultaneously well-supported 

AND well-contradicted. This is not an error. It is the most important signal 

the compass can give you. Do not collapse the tension into a single answer. 

 

Trajectory Metrics 

 
Coherence Score: proportion of investigative steps that Refined (confirmed) vs. 

Conflicted (contradicted). High = converging. Low = diverging. 

 
Resolution Index: has the compass reading stabilized? If the last two sources did not 

change your zone, you have reached Resolution. Stop investigating and decide. 
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A P P E N D I X  B :  P R O M P T  T E M P L A T E S  F O R  
U N C E R T A I N T Y - A W A R E  A I  U S E  

 
These five prompts are designed to force AI systems to surface their own uncertainty. 

Copy them, adapt them to your domain, and use them whenever the stakes justify more 

than a Quick Check. They work with any major LLM (ChatGPT, Claude, Gemini, 

Perplexity, etc.). 

 

Prompt 1: The Uncertainty Surfacer 

After answering my question, add a section called 

"Uncertainty Assessment" with three parts: 

1. CONFIDENCE: What are you most confident about in 

   this response, and why? 

2. UNCERTAINTY: What aspects of this response are you 

   least certain about? What data or evidence would 

   you need to be more confident? 

3. CONTRADICTION: What is the strongest argument or 

   evidence AGAINST the position you just took? 

Be specific. Do not hedge generically. 

 
When to use: any medium-stakes query. This prompt adds about 200 words to the 

response but often reveals more useful information than the response itself. 

 

Prompt 2: The Source Conflict Detector 

I need you to research [TOPIC]. Before giving me a 

synthesis, do the following: 

1. List 3-5 sources or perspectives that SUPPORT the 

   main conclusion. 

2. List 2-3 sources or perspectives that CONTRADICT 

   or complicate the main conclusion. 

3. List the key OPEN QUESTIONS that neither the 

   supporting nor contradicting evidence addresses. 

4. Only THEN give me your assessment, explicitly 

   noting where sources agree, where they disagree, 

   and what remains genuinely unknown. 

Do not average the perspectives into a smooth 

summary. I want to see the texture of the 

disagreement. 
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When to use: any research query on a contested or complex topic. This prompt 

produces ch’ixi-style outputs—the black and white threads visible, not averaged into 

gray. 

 

Prompt 3: The Assumption Excavator 

You just gave me [RECOMMENDATION/ANALYSIS]. Now list 

every assumption that your response depends on. 

For each assumption, rate it: 

- STRONG: well-established, unlikely to be wrong 

- MODERATE: reasonable but not certain 

- WEAK: plausible but untested or context-dependent 

Then tell me: which weak assumptions, if wrong, would 

most change your conclusion? 

 
When to use: after receiving any AI recommendation you plan to act on. This prompt 

surfaces the hidden I dimension—the unstated assumptions that the AI’s confident tone 

conceals. 

 

Prompt 4: The Epistemic Trajectory Prompt (LED Protocol) 

I want you to reason through [QUESTION] step by step. 

After each reasoning step, assess your epistemic state: 

- T (Truth): how supported is your conclusion so far? 

  (0.0 to 1.0) 

- I (Indeterminacy): how much is genuinely unknown? 

  (0.0 to 1.0) 

- F (Falsity): how much contradicts your conclusion? 

  (0.0 to 1.0) 

- Move: REFINEMENT (new evidence confirmed) / 

  CONFLICT (new evidence contradicted) / NEUTRAL 

After all steps, report: 

- Final state: (T, I, F) 

- Coherence Score: proportion of Refinement steps 

- Resolution: CONVERGED / DIVERGING / IRREDUCIBLE 

- Recommendation: ACT / INVESTIGATE MORE / ABSTAIN 

 
When to use: for high-stakes queries where you want to see the reasoning chain, not 

just the conclusion. This is the LED (Dynamic Epistemic Logic) protocol translated into 

a prompt. It forces the system to show its epistemic trajectory. 
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Prompt 5: The Devil’s Advocate 

I am about to make a decision based on the following 

AI-generated recommendation: [PASTE RECOMMENDATION] 

Act as a rigorous critic. Your job is to find every 

weakness in this recommendation: 

1. What evidence was likely MISSING from the analysis? 

2. What sources would DISAGREE with this conclusion, 

   and what would they say? 

3. Under what CONDITIONS would this recommendation 

   FAIL or produce the opposite of the intended result? 

4. What is the single most important thing the 

   original analysis probably got WRONG? 

Be specific and substantive. Generic hedging is not 

useful. 

 
When to use: before acting on any high-stakes AI recommendation. This prompt 

generates the F dimension explicitly—the counter-evidence and counter-arguments that 

the original output suppressed. 

 

Usage Notes 

These prompts can be combined. For a Full Audit, use Prompt 2 first (to get the source 

landscape), then Prompt 4 (to trace the reasoning trajectory), then Prompt 5 (to stress-

test the conclusion). The three prompts together take about fifteen minutes and produce 

a far more reliable assessment than any single confident response. 

 
The prompts work best when you already have domain knowledge. An AI system 

responding to the Uncertainty Surfacer prompt will produce generic hedging if you 

accept it uncritically. Your job is to evaluate the specificity and substance of the 

uncertainty it reports. If the AI says “I’m uncertain about the long-term effects” without 

specifying which effects, which populations, or which time horizon, push back: “Be 

specific. Which long-term effects? In which populations? Over what time horizon?” The 

compass gives you the questions. The prompts give you the language. Your expertise 

gives you the judgment. 

 

Domain-Specific Adaptations 
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Healthcare: Use Prompt 1 on every clinical decision support output. Add to the prompt: 

“Specifically address: (a) whether the evidence base includes my patient’s demographic, 

(b) any known drug interactions not mentioned in your primary response, and (c) what 

clinical guidelines say about this recommendation.” 

 
Legal: Use Prompt 2 for any legal research query. Add: “For each cited case, provide the 

citation in full. Flag any case you are less than fully certain exists.” This catches 

fabricated citations before they reach a brief. 

 
Finance: Use Prompt 3 on all AI-generated forecasts. Add: “List the three assumptions 

most likely to be invalidated within the next quarter and the directional impact of each 

invalidation on your conclusion.” 

 
Education: Use Prompt 5 before acting on any AI-generated assessment of student work, 

including plagiarism detection. Add: “What is the false positive rate for this type of 

assessment? What alternative explanations exist for the pattern you identified?” 

 
Policy: Use Prompt 2 followed by Prompt 4 for any policy brief. Add to Prompt 2: 

“Include at least one source from outside the English-language literature and one from a 

stakeholder group that would be adversely affected by the recommended policy.” This 

counters the systematic biases in AI training data. 

 

Prompt Combination Workflows 

 
Quick Check workflow (2–5 minutes): Use Prompt 1 alone. Read the Uncertainty 

Assessment section. If T appears high and I and F are minimal, act on the response. If 

any dimension raises concerns, escalate. 

 
Investigation workflow (15–30 minutes): Start with Prompt 2 to map the source 

landscape. If Prompt 2 reveals contradicting sources (F is significant), use Prompt 5 to 

stress-test the original conclusion. If Prompt 2 reveals significant unknowns (I is high), 

use Prompt 3 to excavate the assumptions that the I might be hiding. 
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Full Audit workflow (1–4 hours): Begin with Prompt 2 (source landscape). Follow with 

Prompt 4 (epistemic trajectory with LED protocol). Use Prompt 3 on the trajectory’s 

conclusion (assumption excavation). Close with Prompt 5 (devil’s advocate on the final 

position). Document the compass reading at each stage. Compute the Coherence Score 

across all steps. Write a decision memo with the complete trajectory. This is the gold 

standard for high-stakes decisions. 

 
A note on prompt chaining: when using multiple prompts in sequence, paste the output 

of each prompt into the next as context. For example, after running Prompt 2 and 

receiving the source landscape, begin Prompt 5 with: “Here is a source analysis of 

[TOPIC]: [paste Prompt 2 output]. Now act as a rigorous critic of this analysis...” This 

creates a chain of evaluations where each step builds on the previous one, producing a 

trajectory that you can assess for convergence. 
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A P P E N D I X  C :  N E U T R O S O P H I C  L O G I C  —  
F O R M A L  D E F I N I T I O N S  

T h e  t h i r d a n s w e r  P y t h o n  L i b r a r y  

  

After this book was written, we built what this book describes. The thirdanswer Python library is 

an open-source implementation of the T-I-F compass that any professional can install and use in 

under sixty seconds. 

  

Installation: 

pip install thirdanswer 

  

Core Usage: The Compass (No LLM Required) 

from thirdanswer import Compass 

c = Compass(T=0.7, I=0.4, F=0.5) 

print(c.zone)              # "contradiction" 

print(c.is_paraconsistent) # True 

  

Analyzing AI Text (Free LLM via Groq): 

from thirdanswer import analyze 

r = analyze("AI text", provider="groq", api_key="gsk_...") 

print(r.zone, r.T, r.I, r.F) 

  

Asking Honest Questions: 

from thirdanswer import ask 

r = ask("Is fasting healthy?", provider="groq", api_key="gsk_...") 

print(r.answer) 

print(r.what_i_dont_know) 

  

Comparing Two AI Responses: 
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from thirdanswer import compare 

diff = compare(resp_a, resp_b, provider="groq", api_key="gsk_...") 

print(diff.agreement, diff.conflicts) 

  

GitHub: https://github.com/mleyvaz/thirdanswer 

PyPI: https://pypi.org/project/thirdanswer/ 
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P r o m p t  T e m p l a t e s  R e p o s i t o r y  

  

A companion repository of eleven uncertainty-aware prompt templates is available on GitHub, 

covering eight professional domains. 

  

Domains: General (basic, detailed, compare), Medical (basic, drug interaction), Legal, Education 

(tutor, essay evaluator), Policy, Finance, Journalism (fact-check), Research (literature review, 

methodology audit). 

  

GitHub: https://github.com/mleyvaz/thirdanswer-prompts 
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A P P E N D I X  D :  F O R  T H E  T E C H N I C A L L Y  
C U R I O U S  

 
This appendix provides the formal mathematical foundations for readers who want to go 

deeper. It is not necessary for using the compass. It is intended for researchers, 

engineers, and technically inclined professionals who want to understand the machinery 

beneath the framework. 

 

C.1 Neutrosophic Logic: Formal Definitions 

 
Neutrosophic logic, introduced by Smarandache (1998), generalizes fuzzy logic and 

intuitionistic fuzzy logic by introducing three independent membership functions. 

 
Definition 1 (Single-Valued Neutrosophic Set). Let X be a universe of discourse. A Single-

Valued Neutrosophic Set (SVNS) A on X is defined as: 

 
𝑨 =< 𝒙, 𝑻𝑨(𝒙), 𝑰𝑨(𝒙), 𝑭𝑨(𝒙) >: 𝒙 ∈ 𝑿 

 
where T_A(x), I_A(x), F_A(x) ∈ [0, 1] represent the truth-membership, indeterminacy-

membership, and falsity-membership degrees of x in A, respectively. The constraint is: 

 
𝟎 ≤ 𝑻𝑨(𝒙) + 𝑰𝑨(𝒙) + 𝑭𝑨(𝒙) ≤ 𝟑 

 
This is the critical departure from fuzzy logic (where T + F = 1) and intuitionistic fuzzy 

logic (where T + F ≤ 1 and I = 1 − T − F). In neutrosophic logic, T, I, and F are genuinely 

independent. This independence is what enables the representation of paraconsistent 

states (T + F > 1) and incomplete information (T + I + F < 1). 

 

C.2 The LED Framework: Dynamic Epistemic States 
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The LED (Lógica Epistémica Dinámica / Dynamic Epistemic Logic) framework extends 

neutrosophic logic to represent epistemic states that evolve over time. 

 
Definition 2 (Dynamic Neutrosophic State). An epistemic state at time t is: 

 

𝑺(𝒕) = (𝑻(𝒕), 𝑰(𝒕), 𝑭(𝒕)) 

 
where t is an epistemic time index (a reasoning step, an investigation step, a query 

iteration). 

 
Definition 3 (Epistemic Operators). Three operators govern state transitions: 

 
Refinement ℛ: S(t) → S(t+1) such that T(t+1) ≥ T(t) and I(t+1) ≤ I(t). New evidence is 

consistent with the current assessment. 

 
Conflict ℂ: S(t) → S(t+1) such that T(t+1) + F(t+1) > 1 and I(t+1) rises. New evidence 

contradicts the current assessment, producing a paraconsistent state. 

 
Resolution ℛₑₛ: S(t) → S_final where S_final is either (1,0,0) [confirmed], (0,0,1) 

[refuted], or ABSTENTION if I(t) > θ_I [irreducible uncertainty]. 

 
Definition 4 (Epistemic Trajectory). A reasoning chain produces a trajectory: 

 
𝝉 =  [ 𝑺(𝟎)  →  𝑺(𝟏)  →  …  →  𝑺(𝒏) ] 

 
Definition 5 (Neutrosophic Chain Coherence — NCC). The proportion of Refinement 

moves in a trajectory: 

 
𝑵𝑪𝑪(𝝉)  =  |{ 𝒕 ∶  𝑺(𝒕)  →  𝑺(𝒕 + 𝟏) 𝒗𝒊𝒂 𝓡 }| / 𝒏 

 
NCC ≈ 1 indicates strong convergence. NCC < 0.5 indicates a diverging trajectory. 

 
Definition 6 (Resolution Index — IR). The stability of the trajectory’s final states: 
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𝑰𝑹(𝝉)  =  𝟏 −  𝒅(𝑺(𝒏), 𝑺(𝒏 − 𝟏)) where d is the Euclidean distance in (T, I, F) 

space. 

 
IR ≈ 1 indicates the trajectory has stabilized. IR < 0.5 indicates the trajectory is still in 

flux. 

 

Worked Example: Carla’s Trajectory in Formal Notation 

 
S(0) = (0.85, 0.10, 0.05) — initial AI response: near-Consensus 

S(1) = (0.70, 0.30, 0.35) — after post-market data: Conflict. ΔF = +0.30 

S(2) = (0.65, 0.40, 0.45) — after EMA request discovery: Conflict. ΔI = +0.10 

S(3) = (0.60, 0.45, 0.50) — after VigiAccess check: Conflict. Paraconsistent state: T+F = 

1.10 > 1 

S(4) = (0.60, 0.40, 0.50) — after colleague confirmation: Mixed. I slightly reduced. 

S(5) = (0.55, 0.45, 0.50) — after ANVISA dossier review: stabilized. 

 
NCC = 1/5 = 0.20 (only S(0)→S(1) qualifies as partial Refinement of the initial frame; all 

subsequent moves were Conflict). The trajectory diverged sharply. 

IR = 1 − d(S(5), S(4)) = 1 − 0.07 = 0.93. The trajectory stabilized after Step 4. 

Zone: Contradiction (T=0.55, F=0.50, both above threshold) with significant Ambiguity 

(I=0.45). 

Z-number: Z = ((0.55, 0.45, 0.50), 0.85). The compass reading is moderately reliable 

(high IR) but the epistemic state itself is genuinely mixed (paraconsistent). 

 
Decision: proportional action under acknowledged uncertainty—enhanced monitoring, 

proactive communication, request for age-stratified study. Not withdrawal (insufficient F 

dominance) and not unchanged practice (insufficient T dominance). 

 

C.3 Z-Numbers and Confidence 

 
The compass readings can be formalized as Z-numbers (Zadeh, 2011), which pair a value 

with a reliability measure: 
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Z = (A, B) where A is the neutrosophic assessment (T, I, F) and B is the confidence in 

that assessment. 

 
In practice, B is derived from the Coherence Score and Resolution Index: a high NCC and 

high IR produce high B (the assessment is reliable). A low NCC or low IR produces low B 

(the assessment itself is uncertain). This two-level structure captures something that 

single confidence scores cannot: the difference between being uncertain about the world 

(high I) and being uncertain about your uncertainty assessment (low B). A compass 

reading of (T=0.6, I=0.3, F=0.4) with B=0.9 means you are fairly confident in a 

genuinely mixed epistemic situation. The same reading with B=0.3 means you are not 

even sure the compass reading is accurate—your assessment tools may be unreliable. 

 

C.4 The GFD-N Framework 

 
The Geometric Frontier Decision — Neutrosophic (GFD-N) framework extends 

neutrosophic logic to the geometric analysis of classifier decision boundaries. For a 

classifier f: ℝⁿ → [0,1] with decision boundary B = f⁻¹(0.5): 

 
𝑻(𝒙) = 𝟐 ⋅ |𝒇(𝒙) − 𝟎. 𝟓|— measures semantic distance from the boundary 

𝑰(𝒙) = 𝐦𝐢 𝐧 (𝟏,
|𝑯𝒇(𝒙)|𝑭

𝛋𝒓𝒆𝒇
) — measures local Hessian curvature 

𝑭(𝒙) = 𝟏 − 𝐦𝐢 𝐧 (𝟏,
|𝛅∗(𝒙)|

𝛆𝒎𝒂𝒙
) — measures adversarial vulnerability 

 
The three components are geometrically independent (Proposition 1 in the GFD-N 

paper). Interior class regions behave as Euclidean geometry zones (T high, I low, F low). 

Curved boundary regions are NeutroGeometry zones where the classification axiom is S-

denied (I high). Adversarially fragile regions are AntiGeometry zones (F high). This 

connection to Smarandache Geometries unifies three of Smarandache’s contributions—

neutrosophic logic, neutrosophic sets, and Smarandache geometry—in a single ML 

interpretability framework. 

 

C.5 Practical Implementation Notes 
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For practitioners implementing the compass computationally: 

 
NeutrosophicUQ pipeline: (1) Generate N stochastic responses to the same query 

(temperature > 0). (2) Compute pairwise cosine similarity between response 

embeddings. (3) Apply hierarchical clustering (Ward’s linkage recommended over 

single-linkage to avoid chaining effects). (4) Derive T from the largest cluster’s 

coherence, I from the inter-cluster distance distribution, F from the presence of well-

formed alternative clusters. (5) Compute C (confidence) as a neutrosophic Z-number 

combining (T,I,F) with the clustering stability score. 

 
The pipeline is model-agnostic: it works with any LLM that exposes a temperature 

parameter and generates text outputs. Computational cost scales linearly with N 

(typically N=10–20 responses suffice). Total overhead for a single query assessment is 

approximately 10–20 seconds on current hardware. 

 

C.4 Zone Classification Thresholds 

 
The four zones are defined by threshold conditions on T, I, F. Default thresholds 

(adjustable by domain): 

 

Zone Condition Default Thresholds 

Consensus T > θ_T, I < θ_I, F < θ_F T > 0.7, I < 0.3, F < 0.3 

Ambiguity I > θ_I (dominates) I > 0.5 

Contradiction T > θ_T AND F > θ_F T > 0.5 AND F > 0.4 

Ignorance 
max(T,I,F) < θ_min OR I > 
θ_abs 

max < 0.3 OR I > 0.7 

 
Domain-specific calibration is recommended. In high-stakes domains (medicine, law), 

θ_I should be lower (triggering Ambiguity earlier). In exploratory domains (early 

research, brainstorming), θ_I can be higher. 

 

 
Open-source code: 
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GitHub repositories for NeutrosophicUQ and GFD-N implementations are available. 

Consult the author’s Google Scholar profile (user=5VlnGwcAAAAJ) and ORCID (0000-

0001-5401-0018) for the most current links. 
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A P P E N D I X  E :  F U R T H E R  R E A D I N G  

 
A curated bibliography organized into three reading tracks. Each entry includes a two-

sentence description of what you will find and why it matters for the themes of this book. 

 

Track 1: Decision-Making Under Uncertainty 

 

Kahneman, D. (2011). Thinking, Fast and Slow. Farrar, Straus and Giroux. 
The foundational work on cognitive biases, including WYSIATI. Essential background 
for understanding why humans and AI both confuse confidence with accuracy. 

Taleb, N. N. (2007). The Black Swan: The Impact of the Highly Improbable. Random 
House. 
The case that rare, unpredictable events shape history more than predictable trends. 
Directly relevant to the irreducible uncertainty discussed in Chapter 6. 

Gigerenzer, G. (2014). Risk Savvy: How to Make Good Decisions. Viking. 
A practical guide to understanding and communicating risk, from a cognitive scientist. 
The concept of ‘ecological rationality’ complements the compass’s zone-based approach. 

Tetlock, P. & Gardner, D. (2015). Superforecasting: The Art and Science of Prediction. 
Crown. 
How the best forecasters calibrate their confidence. The emphasis on calibration and 
intellectual humility directly parallels the compass’s approach to uncertainty. 

Silver, N. (2012). The Signal and the Noise: Why So Many Predictions Fail — But Some 
Don’t. Penguin. 
How to distinguish meaningful patterns from noise in data. Relevant to evaluating AI 
outputs that may amplify noise as if it were signal. 

Knight, F. H. (1921). Risk, Uncertainty, and Profit. Houghton Mifflin. 
The classic distinction between calculable risk and genuine uncertainty. Knight’s 
‘Knightian uncertainty’ maps directly onto high-I states in the compass. 

Ellsberg, D. (1961). Risk, Ambiguity, and the Savage Axioms. Quarterly Journal of 
Economics, 75(4), 643–669. 
The foundational paper on ambiguity aversion—the human tendency to prefer known 
risks over unknown uncertainties. Explains why people resist the Ambiguity zone and 
why the compass must make it explicit. 

Meehl, P. E. (1954). Clinical vs. Statistical Prediction: A Theoretical Analysis and a Review 
of the Evidence. University of Minnesota Press. 
The original demonstration that structured prediction outperforms expert intuition in 
many domains. The compass is a structured tool for exactly this reason. 

 

Track 2: Non-Western Logics and Decolonial Epistemology 
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Rivera Cusicanqui, S. (2010). Ch’ixinakax utxiwa: A Reflection on the Practices and 
Discourses of Decolonization. South Atlantic Quarterly, 111(1), 95–109. 
The foundational text on ch’ixi as an epistemic and political concept. Essential reading 
for Chapter 4’s argument about non-resolution. 

Kusch, R. (1970/2010). Indigenous and Popular Thinking in América. Duke University 
Press. 
The Argentine philosopher’s exploration of the ‘logic of estar’ vs. the ‘logic of ser’ — 
being-situated vs. being-defined. A deep source for understanding Latin American 
epistemic alternatives. 

Mignolo, W. (2011). The Darker Side of Western Modernity: Global Futures, Decolonial 
Options. Duke University Press. 
Border thinking and the critique of the ‘zero-point epistemology’ of colonial science. 
Background for understanding why the binary tradition marginalized alternatives. 

Dussel, E. (1993). Eurocentrism and Modernity. boundary 2, 20(3), 65–76. 
The founding text of Latin American philosophy of liberation. Argues that modernity 
and its epistemology are constitutively linked to colonialism. 

Nicholas of Cusa (1440/1954). Of Learned Ignorance (De Docta Ignorantia). Translated by 
G. Heron. Routledge. 
The original statement of coincidentia oppositorum and docta ignorantia. Difficult but 
rewarding reading for understanding the European roots of non-binary thinking. 

León-Portilla, M. (1963). Aztec Thought and Culture: A Study of the Ancient Nahuatl Mind. 
University of Oklahoma Press. 
The classic study of Mesoamerican philosophy. Relevant to understanding In Lak’ech 
and the relational epistemology of Maya thought. 

Estermann, J. (1998). Filosofía andina: Estudio intercultural de la sabiduría autóctona 
andina. Abya-Yala. 
The most comprehensive academic treatment of Andean philosophy, including 
yanantin, ayni, and the pachasophy tradition. In Spanish. 

Viveiros de Castro, E. (2014). Cannibal Metaphysics: For a Post-Structural Anthropology. 
University of Minnesota Press. 
The Brazilian anthropologist’s radical rethinking of Amerindian ontology. Relevant for 
understanding non-Western knowledge systems as complete philosophical frameworks, 
not as ‘beliefs’ to be explained. 

Santos, B. de S. (2014). Epistemologies of the South: Justice Against Epistemicide. 
Paradigm. 
The Portuguese sociologist’s concept of ‘epistemicide’—the systematic destruction of non-
Western knowledge systems. Provides the political context for why the intellectual 
traditions in this book were marginalized. 

Vitoria, F. de (1539/1991). Political Writings. Edited by A. Pagden and J. Lawrance. 
Cambridge University Press. 
The Salamancan lectures on the conquest of the Americas. Primary source for Chapter 
3’s argument about the first formal framework for acting under genuine moral 
uncertainty. 

 

Track 3: AI Uncertainty, Safety, and the Overconfidence Problem 
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Smarandache, F. (1998). Neutrosophy: Neutrosophic Probability, Set, and Logic. American 
Research Press. 
The foundational work on neutrosophic logic. Technical but accessible to readers with 
undergraduate mathematics. The formal source for everything in this book. 

Farquhar, S. et al. (2024). Detecting hallucinations in large language models using 
semantic entropy. Nature, 630, 625–630. 
The current benchmark for hallucination detection via semantic clustering. The T-I-F 
compass directly competes with and extends this approach by decomposing the single 
entropy score into three dimensions. 

Huang, L. et al. (2023). A Survey on Hallucination in Large Language Models. 
arXiv:2311.05232. 
The most comprehensive survey of the hallucination problem. Essential background for 
Chapter 1’s taxonomy of fabrication, distortion, conflation, and confident ignorance. 

Xiong, M. et al. (2023). Can LLMs Express Their Uncertainty? An Empirical Evaluation of 
Confidence Elicitation in LLMs. arXiv:2306.13063. 
Demonstrates that LLMs systematically overexpress confidence. The empirical 
grounding for the ‘architecture of overconfidence’ argument in Chapter 1. 

Crawford, K. (2021). Atlas of AI: Power, Politics, and the Planetary Costs of Artificial 
Intelligence. Yale University Press. 
The political economy of AI. Relevant to understanding why the AI industry’s incentive 
structures systematically select against honest uncertainty reporting. 

Gebru, T. et al. (2021). On the Dangers of Stochastic Parrots: Can Language Models Be Too 
Big?. FAccT 2021. 
The influential paper on the risks of large language models, including the 
environmental, social, and epistemic costs of scale. Background for Chapter 7’s 
argument about whose voices are included in AI design. 

Birhane, A. (2021). Algorithmic Injustice: A Relational Ethics Approach. Patterns, 2(2), 
100205. 
Argues for a relational ethics framework for AI that resonates with the In Lak’ech 
principle: the impact of an algorithm cannot be assessed without understanding its 
relationships to the communities it affects. 

Mhlambi, S. (2020). From Rationality to Relationality: Ubuntu as an Ethical and Human 
Rights Framework for Artificial Intelligence Governance. Carr Center Discussion 
Paper Series, Harvard Kennedy School. 
The Ubuntu philosophy applied to AI governance. Convergent with In Lak’ech and with 
the relational epistemology described in Chapter 4. 

Shorinwa, O. et al. (2025). A Survey on Uncertainty Quantification for Large Language 
Models. arXiv. 
The most recent comprehensive survey of UQ methods for LLMs. Technical background 
for understanding where the NeutrosophicUQ framework sits relative to the field. 

Zadeh, L. (2011). A Note on Z-Numbers. Information Sciences, 181(14), 2923–2932. 
The formal definition of Z-numbers, which pair a proposition with a reliability measure. 
The mathematical tool used in the compass’s confidence calibration. 

Smarandache, F. (1969/2006). Collected Papers (Vol. III). Universitatea din Craiova. 
Includes the foundations of Smarandache Geometries and the concept of S-denied 
axioms. Technical background for the GFD-N framework described in Appendix C. 
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A P P E N D I X  F :  T H E  T H I R D  A N S W E R  W E B  
A P P L I C A T I O N  

T h e  T h i r d  A n s w e r  W e b  A p p l i c a t i o n  

  

For readers who prefer not to write code, we have built a free web application that implements the 

entire framework described in this book. 

URL: https://the-third-answer.streamlit.app 

  

Six Interactive Pages: T-I-F Compass, Four Zones Explorer, Error Detector, Prompt 

Templates, The Honest Machine (live demo), About. 

  

GitHub: https://github.com/mleyvaz/the-third-answer 

  

https://github.com/mleyvaz/the-third-answer
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A P P E N D I X  G :  T H E  E P I S T E M I C  
N U T R I T I O N  L A B E L  

T h e  E p i s t e m i c  N u t r i t i o n  L a b e l  

A  P r o p o s a l  f o r  S t a n d a r d i z e d  A I  O u t p u t  
L a b e l i n g  

  

  

The FDA regulates what you eat. The SEC regulates what financial advisors tell you. Nobody 

regulates the epistemic quality of what AI tells you. This appendix proposes a standard. 

  

The Proposal 

We propose that every AI output of consequence should carry a standardized Epistemic Nutrition 

Label displaying: Truth (T), Indeterminacy (I), Falsity (F), Zone, Source Count, and a 

Paraconsistency Flag. 
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Figure G.1. The Epistemic Nutrition Label — a proposed standardized disclosure 
format for AI outputs. Modeled after the FDA Nutrition Facts label, the Epistemic 
Nutrition Label decomposes any AI response into its Truth (T), Indeterminacy (I), and 
Falsity (F) values, identifies the epistemic zone, counts supporting and contradicting 
sources, and flags paraconsistent states (T + F > 1.0). This example shows the 
assessment of the query "Is intermittent fasting healthy?" — a Contradiction-Ambiguity 
zone reading where the evidence simultaneously supports and contradicts the claim. The 
label can be generated programmatically using result.label() in the thirdanswer 
Python library. 

Connection to Regulatory Frameworks 

The EU AI Act (Regulation 2024/1689) already requires transparency for high-risk AI systems. 

The Epistemic Nutrition Label provides a concrete mechanism for meeting these requirements. 

  

Implementation 

from thirdanswer import ask 

r = ask("Is this drug safe?", provider="groq", api_key="...") 

print(r.label())  # Displays the Epistemic Nutrition Label 
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In 1990, the Nutrition Labeling and Education Act mandated standardized food labels. Within a 

decade, reading a nutrition label became second nature. The same will happen with epistemic 

labels. 

 
— End of Appendices — 
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A C K N O W L E D G M E N T S  

 

This book is the product of a collaboration that spans continents, disciplines, and 

generations. It brings together the mathematical foundations of neutrosophic logic—

created by one of us (F.S.) in 1995—with the practical application of those foundations to 

artificial intelligence and the philosophical traditions of Latin America. The result, we 

hope, is greater than either of us could have produced alone. 

We owe a debt to the Universidad de Guayaquil and Bolivariana del Ecuador, where 

one of us (M.L.V.) teaches and conducts research, and to the University of New Mexico, 

where F.S. has taught and researched for over three decades. Both institutions provided 

the intellectual environments in which these ideas developed. 

The Asociación Latinoamericana de Ciencias Neutrosóficas, directed by M.L.V., 

provided the research community within which the bridge between neutrosophic 

mathematics and AI uncertainty was first constructed. Our colleagues across the 

association—in Ecuador, Cuba, Chile, Colombia, Mexico, and beyond—have been 

partners in this project. 

We are grateful to the scholars whose work shaped the intellectual genealogy of this 

book: Silvia Rivera Cusicanqui, whose concept of ch’ixi changed how we think about 

contradiction; Rodolfo Kusch, whose philosophy of estar gave us a language for the Latin 

American epistemic alternative; Enrique Dussel, whose trans-modernity framework 

positioned these ideas in their proper historical and political context; and the 

Salamancan theologians—Vitoria, Suárez, Las Casas, Medina—whose intellectual 

courage five centuries ago still resonates. 

The research programs that provide the technical foundations for this book’s 

framework—NeutrosophicUQ, LED, GFD-N—were developed with collaborators at the 

Universidad de Guayaquil, and the broader international neutrosophic research 

community. . 

We are grateful to the professionals who shared their stories—the doctors, lawyers, 

analysts, journalists, policymakers, and educators whose experiences with AI 

overconfidence became the scenarios in Chapter 5. Their willingness to describe, 
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honestly, the moments when a machine’s confidence exceeded their own was the 

foundation of the practical framework this book offers. 

To our families: thank you for tolerating the long hours, the late-night writing 

sessions, and the conversations that inevitably turned to the question of whether 

machines can say “I don’t know.” Your patience made this book possible. Your love made 

it worthwhile. 

And to you, the reader: thank you for following this argument from a courtroom in 

Manhattan to a stone gateway in the Andes to a compass you can carry in your pocket. 

The world needs more people who ask what the machine doesn’t know. You are now one 

of them. 

 
M.L.V. & F.S. 

Guayaquil & Gallup, March 2026 
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AI systems speak with the same confidence whether they are retrieving a well-
established fact or fabricating a plausible fiction. They have no mechanism for

signaling when they are on uncertain ground.
The Third Answer presents a framework for navigating this uncertainty—rooted in
neutrosophic logic, a mathematical system that gives every claim three independent
values: Truth (T), Indeterminacy (I), and Falsity (F). These three dimensions map

any AI output to one of four zones—Consensus, Ambiguity, Contradiction, or
Ignorance—each with a clear recommended action.

But this is not just a mathematical proposal. The book traces the intellectual roots of
three-dimensional thinking through five centuries of philosophy—from the Scholastic

theologians of Salamanca who formalized productive doubt, through the Andean
concept of yanantin and the Aymara notion of ch’ixi, to the neutrosophic logic that

gave these ancient intuitions their equations.
The result is a practical compass for the age of confident machines: three questions,

four zones, and the courage to say ‘I don’t know.’
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