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When the internet arrived, there was a shift in 
medical education. Now, with the integration 
of artificial intelligence (AI), how do you see 
medical education being transformed?

David Game, Senior Vice President, Elsevier 
Global Product, Global Medical Education 

When the Internet arrived, clearly there were 
things that changed, but also many things 
remained the same. The qualities that it 
takes to become a great doctor or a great 
nurse are, in fact, the same as they ever 
were before the arrival of the internet, and 
the qualities of a student, in terms of what 
they need to learn and the process through 
which they need to go: applying themselves 
to complex topics, mastering those topics 
and then applying them to specific clinical 
situations — those things actually remained 
the same.

Prologue

The role of artificial 
intelligence in health 
education today
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Doctors now use different technologies, 
but in the end, the critical thinking, the 
passion, the empathy, those things have 
remained, and those are the skills eminently 
desirable in doctors and in nurses that we, 
as patients, look for. So, whilst the sort of 
underlying substrate of what it takes to be a 
great doctor, or great nurse, didn't change, 
some of the tools did change, enabling us 
to understand student progress and for 
students to access materials that they would 
not otherwise have been able to access. 

How AI is going to transform medical 
education, I think, is still very much an open 
question, and what we see is the types of 
change relate to the ability to deliver more 
material to individual students regardless 
of location. Now, any student can use some 
sort of generative AI tool, ChatGPT, Claude, 
etc. as a personalized tutor at their side. 
Optimistically, this helps resolve the dilemma 
that was set up in Ben Bloom's "The 2 Sigma 
Problem" — how do you deliver individualized 
instruction, which is the most effective 
form of instruction, in an economic way to 

hundreds of thousands of students?

I think that if you're an AI promoter, what 
you would say is that over time AI will better 
understand what students are thinking, and 
why they're making the mistakes that they're 
making, and will be able to interpret their 
responses so that this "AI tutor" can provide 
guidance and improve outcomes. 

I think if you're an AI detractor, you would 
say a lot of that material may be rather 
superficial and that the ability for a 
predictive engine to truly "understand" what 
a student is thinking and why they're thinking 
it (and do that in a way that's abstracted from 
the physical presence of the student and the 
teacher), means that essentially students will 
receive rote-like answers. I also think one of 
the less positive things we're seeing is that 
the role of any type of assessment where 
the student has access to the internet is 
now compromised. I was talking to a faculty 
member in Galway, and they said they had 
this fantastic course, and it was really good 
and the learning objectives were fantastic. 
And then ChatGPT came along and ruined it 
because they were no longer able to trust the 
outcome of their assessment. 

So, I think where we are today with AI 
in medical education, we're seeing very 
widespread usage by students. What I think 
we're not seeing is a consistent and strong 
understanding of the role of AI as a teaching 
tool and a complement for what highly 
trained educators do. But that journey is 
ongoing and medical educators, nursing 
educators will form how AI is used, and they 
need to be very proactive in shaping it rather 
than being the recipients of it. 

We’re still at the beginning in terms of what 
the future of the Internet holds for medical 
education.
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Quick glossary of key 
terms and metrics in AI

Overall taxonomy of AI categories

This glossary contains the most important concepts and metrics for 
understanding how artificial intelligence is applied in clinical practice. From 
machine learning types and neural networks to metrics used to evaluate 
predictive models, this dictionary will help you understand key terminology, 
interpret results and make informed decisions in your healthcare training. 
It’s ideal for students who want to master the fundamentals of AI in a clear, 
fast and practical way.
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Calculation of select performance metrics

Positive

Positive

Negative

Negative False negative

False positiveTrue positive

True negative

Sensitivity

Te
st

Specificity

Ground truth

PPV

NPV

Term Definition

Artificial intelligence 
(AI)

Field of computer science that develops systems and algorithms capable of 
performing tasks that typically require human intelligence, such as learning, 
problem solving and decision-making

Machine learning (ML)
Systems capable of performing tasks typically associated with human intelligence. 
In medicine, they analyze clinical data to support diagnosis and decision-making, 
and help improve health outcomes

Supervised learning Type of ML that uses labeled data (input + output) to predict new cases

Unsupervised learning Type of ML that identifies patterns or relationships in unlabeled data

Deep learning (DL) Type of ML that uses multi-layered neural networks to detect complex patterns in 
large volumes of data

Neural network Model inspired by the human brain, made up of interconnected nodes that process 
information

Natural language 
processing (NLP) Branch of AI that gives a computer the ability to understand text and spoken words

Large language 
models (LLMs)

Advanced models trained on large amounts of text, capable of generating content 
and adapting to multiple clinical tasks

Reinforcement 
learning (RL)

Subfield of machine learning where an agent learns to make decisions by interacting 
with an environment and receiving rewards or penalties for its actions

Bias Decision-making that can result in unfair or inaccurate outcomes for certain 
sociodemographic groups

Explainability  Ability to understand decisions made by AI
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The combined evaluation of these metrics 
allows for a better understanding of the 
strengths and limitations of an AI model and 
the selection of the most suitable one for 
clinical applications.

Metric What it measures / when it is useful

Accuracy Proportion of correct predictions to the total; can be misleading in unbalanced data

Precision (PPV) Proportion of predicted positives that are true; key when false positives have an 
impact

Negative predictive 
value (NPV)

Proportion of predicted negatives that are correct; important when false negatives 
are critical

Recall (sensitivity / 
TPR)

Proportion of true positives detected; useful for not missing relevant cases, 
although it may increase false positives

Specificity (TNR) Proportion of correctly identified true negatives; does not consider false negatives

F1 score Harmonic mean between accuracy and recall; balances false positives and 
negatives

AUROC Evaluate a model's ability to differentiate between classes at different thresholds

AUPRC Useful in unbalanced datasets and when positive cases are infrequent

Performance metrics in ML

Content adapted from:

Artificial Intelligence in Clinical Encounters: Opportunities and Challenges by Jiang JJ., Chan L., Nadkarni, GN.

Swartz Textbook of Physical Diagnosis, 9 ed. Edited by Mark H. Swartz, Elsevier, 2026.

Key takeaways
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This guide is built around three voices. They are not real people, but they represent real patterns 
composed of students and educators with whom we have worked, studied and learned in clinical 
training programs around the world.

Maya is 23 years old and is in her advanced clinical rotations. She is systematic, disciplined and 
demanding of herself. She has templates for everything. She uses AI to optimize her studying: 
flashcards, clinical summaries and practice questions. Her system works. Her notes are 
excellent. But she’s starting to wonder if her system produces results or real understanding, and 
if there's actually a difference.

Kai is 24 years old and is on the same level. He took an unplanned year off before medical 
school and came back with a new attitude toward effort. He is pragmatic, perceptive and honest 
with his shortcuts. He opens AI the night before the exam and asks it to explain what he didn't 
understand in class. It works, until it doesn't work. He questions everything, including whether 
that skepticism is a strength or an excuse.

Dr. Flores is a teacher who saw AI come to clinical education and decided to get involved 
instead of prohibiting its use. He employs data as an anchor, never as a weapon. He asks the 
question before giving the answer. He does not give lectures, he facilitates. Sometimes, he just 
listens.

The three voices accompany you throughout this guide. Maya and Kai represent two ways students 
approach AI, and the distinct risks that each approach entails. Dr. Flores provides the evidence, the 
frameworks and reflections. Together they explore a question that doesn't have a single answer: 
How do you use a tool that is powerful, imperfect and impossible to ignore, without losing the 
thinking that makes you clinical?

Their conversation begins in chapter 1.

Meet the voices
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Chapter 1: Why this 
guide, why now?

Kai: Let's see, honest question. If I ask 
generative AI to explain heart failure to 
me and I understand it perfectly in ten 
minutes..., why should I sit for two hours 
with a chapter that says the same thing 
but worse? 

Maya: Because understanding is not 
the same as knowing. I use AI every day, 
too. But lately I've been thinking: am 
I learning, or am I letting the machine 
organize what I should be processing? 
I read an MIT study that found that 
using ChatGPT to write reduces brain 
connectivity by up to 55%, and that 
83% of participants couldn't remember 
details of what they had just written with 
AI. They called it “cognitive debt.”18

Kai: But that's your problem, not AI’s.

Maya: Or maybe you haven't asked 
yourself yet. 

Dr. Flores: Both things are true, 
and that's exactly what makes this 
conversation difficult. 

I'm going to give you context. In 2025, 
Elsevier surveyed more than 3,200 
researchers in 113 countries. 58% 
already use AI tools in their work. A year 
earlier, it was 37%.1

Kai: Wait, 37 to 58 in a year? 

Dr. Flores: In a year, and concern is 
growing at the same rate as usage, but 
we'll see that in a moment. 

Maya: In other words, they use it, but 
something makes them uncomfortable. 

Dr. Flores: Exactly. It's not a debate 
between those who use AI and those 
who don't. It's tension within the people 
themselves. Like the one you two have. 
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Dr. Flores: Now, let's see what 
happens specifically with students. 
A multinational survey by Busch and 
colleagues, with 192 medical schools 
worldwide, found huge differences in 
how students perceive AI, depending on 
region, access or previous training. The 
phenomenon is not uniform.2

Kai: But the use is massive, isn't it? 

Dr. Flores: In Puerto Rico, González-
Bravo reported that nearly 73% of 
medical students already use generative 
AI. In China, Pan and Ni found only 34%. 
In the United States, Ganjavi showed 
that 96% had heard of ChatGPT, but 
only half used it to study. In nursing, 
adoption is also growing, especially 
for clinical documentation and case 
preparation.3,4,5

Maya: Then it depends on where you 
are.

Dr. Flores: It depends on where you 
are, what access you have and if 
someone taught you how to use it or if 
you discovered it on your own. That's 
what's important. McCoy found that 

students feel much more familiar with 
generative AI than their professors. But 
also, that more than 50% already use it 
for academic activities. The question is: 
with what guidance?6

Kai: With YouTube's guidance and trial 
and error.

Dr. Flores: That's the point. Anthropic, 
the company behind Claude, analyzed 
one million conversations from college 
students in 2025. It's corporate data, 
not a peer-reviewed study, so you 
have to read it with that in mind. 
But the pattern is consistent with 
what other sources report: health 
careers accounted for only 5.5% of 
conversations, but 13.1% of college 
enrollment.7

Maya: Health is underrepresented. 

Dr. Flores: Yes. And when they use AI, 
what they do most is not memorize 
or revise. It is creating and analyzing. 
Nearly 40% of interactions involve 
creation tasks. 30%, analysis.7

Maya: Bloom inverted.

Dr. Flores: Higher-order cognitive 
abilities in Bloom's taxonomy. 
Students are delegating to AI tasks 
that are supposed to be the hardest to 
automate. That's not good or bad yet. 
But it is a fact that we cannot ignore.

Kai: ...ok, I didn't expect those numbers.

Dr. Flores: This has happened before. 
When writing was invented, Socrates 
criticized it. He said it was going to 
destroy memory, that people would 
stop remembering because they could 
write down.

Kai: Was Socrates anti-technology?
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Dr. Flores: Socrates was anti-crutch. 
He thought that if you externalized 
knowledge, you stopped owning it. And 
he wasn't completely wrong: writing did 
change how human memory works. But 
it also made science, law and medicine 
possible. Everything you are studying 
exists because someone decided to 
write it. 

Then came the printing press. The 
copyist monks saw it as the end, and 
it was the end of their monopoly. But 
not of knowledge. On the contrary: he 
multiplied it. 

Maya: And the same thing happened 
with the internet. The teachers said that 
Google was going to make it so that no 
one learned anything. 

Dr. Flores: And what happened? 

Maya: Those who knew how to search 
well learned more than ever. And those 
who didn't... they copied and pasted. 

Dr. Flores: Same as now. 

Kai: So, the tool was never the problem. 

Dr. Flores: The tool was never the 
problem. Every time a technology came 
along that externalized a cognitive 
function — memory, calculation, access 
to information — the reaction was panic. 
And each time, the real question was 
not whether to use it, but how to use it 
without losing what makes us think.8

Maya: So, the question was never 
whether to adopt AI. It was how to 
dominate it before it dominates us. 

Dr. Flores: Exactly.

Kai: ...ok, period.

Dr. Flores: That question you asked at 
the beginning, why go the long way if the 
tool does it right. It was not cynical.  

It was the right question. The problem is 
that the answer is more uncomfortable 
than it seems. 

Do you remember the data from 
Elsevier, 58% of researchers already 
using AI? There's another side to 
that same report that changes the 
conversation. 81% of those researchers, 
those already using AI, are concerned 
that artificial intelligence will erode 
essential thinking skills. Not in others. 
In themselves.1

Kai: Are those who use it the ones who 
are most afraid of it?

Dr. Flores: Not fear. Suspicion. They 
use AI, it works for them, they perform 
better, and at the same time they feel 
that something is weakening. Wilson-
Delfosse and Macnamara investigated 
it in 2024 and found something that 
deserves serious attention: AI can 
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accelerate skill deterioration in experts 
AND hinder skill acquisition in novices. 
And the worst part: it happens without 
either of them noticing.9 

Think about this. A qualitative study in 
London, Alazzawi and Lam published 
in 2026, interviewed medical students 
who frequently used ChatGPT to study. 
Half of the interviewees acknowledged 
two things: that they relied too much on 
AI, and that they felt they were losing 
critical-thinking skills.10

Maya: They recognized it and kept using 
it. 

Dr. Flores: They kept using it. Because 
immediate performance is real. You 
finish faster, the summary is clear, 
the differential is orderly. The cost is 
invisible, until it is not. 

Kai: And when does it stop being 
invisible? 

Dr. Flores: When you are in front of the 
patient. Verghese and colleagues call it 
the cognitive paradox of AI in education: 

the very tool that improves your 
performance may be eroding exactly the 
capabilities you need when the tool isn't 
available.11

Maya: So, it's not that AI is bad, it's 
that it improves you in one context and 
weakens you in another. And you can't 
tell the difference from the inside.

Dr. Flores: Not easily. Garcia-Barrios 
published a conceptual model this year: 
AI can be an epistemic partner, which 
amplifies your thinking, or a cognitive 
crutch, which replaces it. The difference 
is not in the tool. It's in how you use it. 
The problem is that both uses feel the 
same.12

Kai: So, that means I could build a roof 
for myself and not even know it.

Dr. Flores: Both of them could. 

I'm going to put it another way. In 2025, 
a group of researchers gave several AI 
models a simple test: clinical questions 
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where none of the options were correct. 
The correct answer was “none of the 
above.” 

Kai: So?

Dr. Flores: Zero percent of the models 
recognized it. They all responded with 
maximum confidence. They chose the 
option that most closely resembled 
something they had seen before, not the 
right one, the most likely. That was Griot 
and colleagues, the MetaMedQA study.13

Maya: They didn't say, “I don't know.”

Dr. Flores: They never say, “I don't 
know.” That's the point. In another 
study, Bedi and colleagues, the NOTA 
test, when they changed the correct 
answer to “none of the above,” the 
accuracy of the models dropped by as 
much as 38%. Not because they were 
bad, but because they do not have 
the ability to evaluate whether or not 
they know something. They do pattern 
matching. Not metacognition.14

Kai: I mean, it's like a resident who 
never says, “I have no idea.” He always 
has an answer. 

Dr. Flores: Like that resident. And we 
already know how that ends.

Maya: But if AI can't monitor its own 
reasoning... then someone has to do it.

Dr. Flores: Someone has to do it. And 
that someone is you. But here's the 
problem: Qazi and colleagues in 2025, 
a study in Pakistan, trained doctors 
for twenty hours specifically on how 
to use AI, what it is, how it fails, when 
to hesitate, and then put them to work 
with a model on real clinical cases.15

Kai: And the training worked? 

Dr. Flores: Halfway. With the right AI, 
they performed well, 85% accurate. But 

when AI got it deliberately wrong, they 
fell to 73%. Twelve points. And most 
tellingly, doctors consulted AI at the 
same rate, 69% versus 67%, regardless 
of whether the recommendation 
was right or wrong. They did not 
distinguish.15

Maya: Not even with training. 

Dr. Flores: Not even with training. The 
automation bias — following what the 
machine says because it sounds safe 
— is automatic, not conscious. It is 
not a failure of will; it's how the brain 
works. When a source seems consistent 
and authoritative, you reduce your 
independent processing. Cognitive 
energy saving.

Kai: It's like autocorrect. You use it so 
much that one day you write by hand 
and you don't know if it goes with a “c” 
or an “s.”

Dr. Flores: That analogy works. And on 
a clinical scale it is worse. 
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Dr. Flores: In colonoscopy polyp 
detection, Kaminski and colleagues 
implemented AI to help endoscopists 
detect lesions. The detection rate went 
up. Then they withdrew the AI. The 
detection rate did not return to the 
original level. It fell six points below 
where they were before they had AI. The 
doctors had lost their eye.16

Maya: Deskilling.

Dr. Flores: Deskilling. And it didn't 
take them years. Remember what 
Garcia-Barrios described: the difference 
between epistemic partner and 
cognitive crutch is that they feel exactly 
the same. When AI gives you a brilliant 
diagnostic differential, you can't tell 
if you used it to think better or if you 
stopped thinking.12

The problem is not that they are both 
possibilities. The problem is that you 
can't tell them apart from the inside.

Maya: So, the difference between 
extension and crutch is not in the tool. 
It's in whether your metacognition is 
still active or not. 

Dr. Flores: Yes. And think about this: 
AI has no metacognition; it can't 
monitor its own reasoning. If you're not 
monitoring yours either because the 
tool feels secure... who's thinking? 

Kai: Nobody.

Dr. Flores: No one. That's the real risk. 
Not AI replacing the doctor. But letting 
both, the tool and the one who uses it, 
operate without either knowing what 
they do not know.

Kai: So... we don’t use it? 

Dr. Flores: No. That was never the 
question.

Kai: But you just said that no one is 
thinking. That training is not enough. 
That you lose skills without realizing it. 
And the answer isn't to stop using it? 

Dr. Flores: The answer is to learn how 
to really use it. And there is evidence 
that we can. Remember the Qazi study, 
the study of doctors in Pakistan, the 
automation bias? It has another half 
that I didn't tell you about. 

Kai: Another half? 

Dr. Flores: Before the training, those 
same doctors, with no previous 
experience in AI, had an accuracy of 
43% in clinical cases. After twenty 
hours of focused training, they climbed 
to 71%. And in more than one-third 
of cases, the trained physician 
outperformed the model alone. Not 
AI assisting the doctor. The doctor 
outperforming the AI, because he knew 
when the AI was wrong and when his 
own judgment was better.15
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Kai: Twenty hours did that? 

Dr. Flores: Twenty hours focused on 
what matters: understanding failure 
modes, recognizing when to hesitate, 
knowing what questions the tool can't 
answer for you. 

Maya: So, the difference between crutch 
and extension is not the tool or the 
talent. It's training. 

Dr. Flores: It's training, and then some. 
Bouabida and colleagues published it 
in 2026, a perspective on what they 
called “the augmented doctor.” Their 
conclusion was a statement that 
changed how I saw this.17

Maya: Which one?

Dr. Flores: “The future of medicine 
will continue to be profoundly human, 
precisely because it will be intelligently 
augmented.”

It's not human versus AI. It is human 
with AI, but on one condition: that the 
human knows what they are doing. That 
they understand what the tool amplifies 
and what it erodes. That they keep 
actively applying what the tool does not 
have: judgment, context, metacognition. 
The patient in front. 

Kai: The doctor who succeeds is not the 
one who knows the most. It's the one 
who knows how to use it. 

Dr. Flores: He's the one who knows how 
to use it AND knows when not to use it. 
Both. 

Maya: And no one is teaching us that. 

Dr. Flores: Not yet. That's what this 
book is for. 
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Since 2020, more than five thousand articles 
have been published on artificial intelligence 
in health professions education. Tolentino and 
colleagues mapped 5,104 of them in a 2024 
scoping review. Among them, only two described 
a true curriculum framework: not a wish list or 
a statement of principles, but a structure that 
lays out what to teach, in what order and on what 
pedagogical foundation. Neither one explicitly 
incorporated constructive alignment.1 

Serious efforts do exist. The DECODE framework, 
published in JAMA in 2025, brought together 
211 experts from 79 countries and defined four 
domains, 19 competencies and 178 learning 
outcomes for health professionals.2 Russell and 
colleagues at Vanderbilt proposed another: six 
domains, 25 sub-competencies — designed for 
the continuum of professional development.3 
Both are solid. But their level of granularity 
assumes experience that undergraduate  
students don't yet have.

This guide doesn’t create new competencies. It 
connects the competencies that already exist to 
what you need to do — right now — as a student. 
It doesn’t cover every competency in those 
frameworks. It covers the ones you need first: the 
ones that determine whether AI is an extension or 
a crutch from day one.

Chapter 2:  
What you will learn 

In this chapter, we’ll cover:

•	 The four questions that organize this guide: what AI is, whether you can trust it, 
whether you’re learning or delegating, and where the limits are

•	 A full map of the book: which chapter answers each question

•	 Three reading routes based on your stage of training: pre-clinical, clinical  
rotations or quick reference
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Four questions, one journey
Instead of a list of learning objectives, this guide is organized around four questions. They’re the 
same questions you’ll face every time AI shows up in your training or practice.

What is this, and why does it matter to me?

It’s not enough to have an opinion about AI. You need to know how to frame it. What type of model 
it is, what data it was trained on, what it can do, and what it can’t. Without that, your opinion is just 
noise. 

Can I trust what it tells me?

AI produces outputs that sound authoritative — every time. Even when they’re wrong. Knowing when 
to doubt, what to verify and how to evaluate what it gives you is what separates the person who uses 
AI from the person who gets used by AI. 

Am I learning — or delegating?

You use AI to generate practice questions. You answer twenty, get fifteen right. Did you learn? It 
depends on whether the questions challenged what you didn’t know — or just confirmed what you 
already did. It also depends on whether you could then solve a new case without AI.

Where are the limits I shouldn’t cross?

A patient asks you if you used AI for their diagnosis. A classmate copies an entire report. You 
generate a clinical summary — and a detail from another patient slips in. These limits didn’t exist 
three years ago.
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Guide map

Question Chapters Act

What is this, and why is it important to me? 1, 2 Understand

Can I trust what it tells me? 3, 4, 5 Apply

Am I learning — or delegating? 6, 9 Apply

Where are the limits I shouldn’t cross? 7, 8 Integrate

Personalized reading paths
Based on your stage and needs

Quick reference only
(specific or emerging questions): 

Sequential (recommended): 
The complete order, chapter by chapter.

Ideal for those seeking to build solid 
knowledge step by step.

Chapters: 1 → 3 → 6 → 8

Chapters: 3 → 4 → 5 → 7

Chapters: 8 → 9

Fast-track preclinical 
(beginners who want to master  
the essentials):

Focused on understanding AI, self-regulated 
learning and learning the tools.

Clinical rotations track 
(students in clinical rotations who use  
AI daily):

Focused on critical evaluation, clinical 
reasoning and ethical considerations.

Practical checklist, frequently asked 
questions and myths.

Chapters: 1 → 2 → 3 → 4 → 5 → 6 → 7 → 8 →
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Where to begin?
Suggestions tailored to your context

•	 Preclinical students: Focus on 
understanding what AI is, how to use it to 
learn without losing cognitive skills and 
how to develop effective self-regulation. 
Key reading: Chapters 3, 6 and 8.

•	 Students in clinical rotations: If you 
already use AI frequently but need to 
improve your critical thinking to evaluate 
and apply information, delve deeper into 
clinical reasoning and ethical boundaries. 
Key reading: Chapters 4, 5 and 7.

•	 Facing an ethical or professional 
dilemma: When you encounter complex 
situations regarding privacy, integrity, 
professionalism and transparency with 
patients, refer to the dedicated chapter. 
Key reading: Chapter 7.

•	 If you're unsure: Read the guide in 
order. It's designed to build knowledge 
sequentially. Starting from the beginning 
ensures you don't miss important 
connections between chapters.

References
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Key takeaways from 
this chapter

•	 This guide doesn’t cover every AI 
competency that exists. It covers the ones 
you need first: the ones that determine 
whether AI is an extension or a crutch from 
day one.

•	 The four questions don’t change; you 
do. You’ll answer them differently in 
pre-clinical training, clinical rotations, 
residency and practice.

•	 You don’t need to read everything in order. 
But if you don’t know where to start, the 
order is designed to build on itself.
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Maya: I have a system. Before 
presenting a case in the round, I put 
together my differential. Then I ask 
AI for a parallel one with criteria, 
probabilities and red flags. I compare 
the two. If they coincide, I move forward. 
If not, I investigate the difference.

Kai: I ask it directly. “Patient with X, Y, 
Z, what can it be?” And what it tells me 
sounds... good.

Chapter 3: 
What AI Won't 
Tell You

Maya: Sounds good, it's not enough.

Kai: But it works. It’s never given me 
something that doesn't make sense.

Dr. Flores: I'm going to ask you an 
uncomfortable question. Kai, when you 
say it's never given you something that 
doesn't make sense... how do you know?

In this chapter we will cover:

•	 How AI under-triaged more than half of the actual emergencies in a Nature  
Medicine study, and why it fails in atypical presentations

•	 Hallucinations: AI fabricated false clinical data in up to 83% of cases without  
safety measures, and amplifies incorrect premises without correcting them

•	 Algorithmic bias: how AI reproduces historical inequalities in dermatology, 
psychiatry and resource allocation

•	 Deskilling: the first empirical evidence that AI erodes clinical skills in  
experienced clinicians

•	 Three questions to evaluate any AI output before acting
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Kai: Because... I read it and it makes 
sense.

Dr. Flores: It makes sense. It always 
makes sense. That's exactly the 
problem.

Maya, your comparison system, the 
parallel DDx. What do you do when the 
two match?

Maya: I'm moving forward. It's 
confirmation.

Dr. Flores: Or it's the same blind spot 
twice. If you formed your criteria with 
the same resources that trained the 
model, you are not verifying. You're 
creating an echo chamber with two 
mirrors.

Your confidence is not irrational. But it's 
based on something you haven't tried 
yet: that AI tells you when it doesn't 
know. And that's where this chapter 
begins, in what AI is not going to tell 
you.1,2

In February of this year, Nature Medicine 
published something that should change 
how we think about AI in the clinic. One 
team evaluated an AI system designed 
to triage, guiding patients on whether 
to go to the emergency room or wait. 
Sixty clinical vignettes, 21 domains, 960 
answers.3

Kai: Triage with AI. Sounds useful.

Dr. Flores: Very helpful. Until you see 

the results. Of the cases that were real 
emergencies, emergencies where delay 
kills, AI under-triaged 52%.

Kai: Wait. Half?

Dr. Flores: More than half. Patients with 
diabetic ketoacidosis, an emergency 
where every hour counts, were referred 
for “evaluation in 24 to 48 hours.” Not 
to the emergency room, but to wait.

Maya: That's deadly. And it poses 
a problem of nursing triage. If an AI 
system sub-triages and the ER nurse 
receives the patient without the correct 
urgency assigned, the entire chain fails. 
It's not just the diagnosis, it's the flow.

Dr. Flores: Exactly. And that connects 
with something broader: AI worked well 
in the classic cases, stroke, anaphylaxis. 
The problem appeared in atypical 
presentations. Those that do not seem 
like emergencies at first glance but are.

Kai: I mean, it works well when the case 
is textbook. It fails when it is real.

Dr. Flores: It fails when it’s real but 
doesn’t look like what it was trained 
on. And there’s more: when, in the 
vignette, a family member minimized 
the symptoms, “I don’t think it’s that 
serious,” AI anchored on that opinion 
and lowered the urgency. Eleven times 
more likely to under-triage when there 
was social influence.³

Maya: It is influenced by social context. 
Like a first-year.

Dr. Flores: Like a first-year, but with the 
confidence of a consultant. And without 
the ability to say, “This doesn't fit, I'm 
going to check.”

Now, that's a triage system. But 
the problem is broader. Omar and 
colleagues, in a Mount Sinai study, 
evaluated hallucinations in generative 
models in a medical context. Without 
safety measures, AI manufactured 
non-existent diseases, and fabricated 
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laboratory values and false clinical signs 
in up to 83% of cases.4

Kai: Eighty-three.

Dr. Flores: Eighty-three. With 
careful prompt engineering, specific 
instructions to reduce errors, they 
dropped from 66% to 44%. Better, but 
still almost half.

Maya: And all that with a tone of 
certainty.

Dr. Flores: With a tone of total certainty. 
And that same study showed something 
even more troubling: when the user 
includes false information in their 
question, mistakenly or intentionally, 
AI doesn't correct it. It amplifies it. It 
builds a coherent answer on top of the 
wrong premise.

Kai: So, if I give it a wrong piece of 
information, it’s not going to tell me, 
“That’s wrong.” It’s going to invent 
something that makes it seem right.

Dr. Flores: Exactly. It has no mechanism 
to evaluate whether what it receives 
is true. It also can’t evaluate whether 
what it produces is true. It does pattern 
matching, looking for the most likely 
output based on what you gave it. It 
doesn't look for what’s correct.

Maya: So, the difference is there: 
a clinician looks for the truth and 
sometimes he is wrong. AI looks for the 
probable and always sounds safe.

Dr. Flores: That distinction is going to 
be the basis for everything that comes 
later.

Now, what we just talked about, 
hallucinations, factual errors, are 
mistakes that AI makes across the 
board, for everyone. What comes next 
is different: mistakes that AI makes for 
some people more than for others.

Maya: Bias.

Dr. Flores: Bias. But not as an abstract 
concept. I'm going to give you three 
examples, and I want you to tell me 
what they have in common.

First, in 2019, Obermeyer published 
in Science that an algorithm used to 
manage the health of populations in 
the United States, affecting more than 
100 million people, systematically 
discriminated against black patients. 
With the same risk score, black patients 
were considerably sicker than whites.5

Kai: How? If they had the same score...

Dr. Flores: Because the algorithm used 
healthcare costs as a proxy for clinical 
need. And black patients historically 
generate lower costs, not because they 
are healthier, but because they have 
less access. The algorithm confused 
poverty with health.

Maya: And no one noticed until 
someone looked.

Dr. Flores: Second example. 
Dermatology. Daneshjou and colleagues 
evaluated diagnostic AI on a diverse 
set of clinical images. Accuracy in light 
skin: almost 70%. Accuracy on dark 
skin: 17%. And here it’s important to be 
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precise: this was with the ISIC dataset, 
which had only minimal representation 
of documented dark/darker skin.⁶

Kai: Seventeen.

Dr. Flores: The model cannot diagnose 
what it has never seen. And this is 
not just a dermatology problem. 
Think about nursing: if an AI wound-
assessment system was trained 
predominantly on light-skin imaging, the 
nurse caring for a diverse population 
is going to receive biased evaluations 
without knowing it. The algorithm is not 
going to tell you, “I don't have enough 
data for this skin-type.” It will give you 
an answer with the same confidence.

Third example. And this one is from 
my field. Bouguettaya and colleagues 
evaluated four language models 
in psychiatric scenarios. When the 
African American identity was explicit 
or implied in the case, the models 
proposed different treatments. Two 
models omitted ADHD medication 
when race was stated explicitly. 
One suggested legal guardianship 
for depression in African American 
patients.7

Kai: Legal guardianship. Because of 
depression.

Dr. Flores: The models learned patterns 
of historical psychiatric practice, 
where these biases existed. And they 
reproduced them as if they were 
evidence-based medicine.

Now, what do the three cases have in 
common?

Maya: It's not a technical error. The 
data they trained with reflects real 
inequalities. And AI treats them as if 
they were true.

Dr. Flores: Exactly. AI is not neutral. 
It is a mirror of the data it receives. 
That data was generated by systems 
that exclude, underrepresent and 
discriminate. The tool does not invent 
bias; it inherits it and scales it.

Kai: And if the data comes mainly 
from the United States and Europe… 
where does that leave the rest of the 
countries?

Dr. Flores: That's the question. Tao and 
colleagues evaluated the cultural bias 
of five language models against data 
from 177 countries. All models exhibit 
cultural values aligned with English-
speaking and European countries. For 
the rest of the world, representation is 
distorted. And when they do access it, 
AI performs worse in Spanish than in 
English for health content.8

AI is not bad for everyone equally. It 
is worse for those who were already 
disadvantaged. And if you don't know 
that when you use it, you're not going to 
see what you're missing.

So far, we have talked about what AI 
does wrong: it invents, it biases. Now 
something worse is coming. What AI 
does to you.

Kai: That sounds dramatic.

Dr. Flores: It sounds dramatic until 
you see the data. In 2025, Kaminski 
and colleagues published in Lancet 
Gastroenterology a study with 19 
experienced endoscopists, more than 
2,000 colonoscopies each, 27 years of 
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average experience. They were given AI 
for polyp detection. The detection rate 
went up.9

Kai: Sounds good.

Dr. Flores: Then they withdrew the AI. 
And they measured how much they 
detected on their own.

The adenoma detection rate dropped 
from 28.4% to 22.4%. About a 20% 
relative reduction. Six absolute points. 
In doctors with decades of experience. 
It's the first empirical evidence that AI 
can't just possibly erode skills, it does. 
And fast.

Kai: It's GPS again. You use it so much 
that when they take it away you don't 
know how to get there.

Dr. Flores: It's the GPS. But with 
adenomas that can be cancer.

Kai: Serious question: does that happen 
only to doctors or nurses as well?

Dr. Flores: Good question. The review of 
Natali and colleagues is not limited to 
one profession. They found evidence of 
AI deskilling in radiology, neurosurgery, 
anesthesiology, oncology, cardiology, 
pathology and psychiatry. The most 
vulnerable skills: physical examination, 

differential diagnosis, clinical judgment, 
doctor-patient communication. These 
skills are transversal. A nurse who stops 
making their own clinical assessments 
because a system tells them the answer 
looks exactly the same.10

Maya: I just realized something. In the 
previous topic I said that AI behaves like 
a first-year student, it allows itself to 
be influenced, it does not question. But 
what you're saying now is worse: AI can 
make you a first-year student. It takes 
away what you had already built.

Dr. Flores: That connection is correct. 
And there's a term that I think is 
important for you to know: “upskilling 
inhibition.” It's not just that experts lose 
skills. Learners never develop them in 
the first place. If a resident never makes 
a differential without AI, they never 
build the cognitive skills they need when 
AI isn’t available.11

Kai: But that's exactly what we do every 
day.

Dr. Flores: I know. And that's why we're 
having this conversation.

A paper in the British Journal of 
Psychiatry said it clearly: once doctors 
use AI, they begin to lose vital abilities. 
And those who are in training may never 
acquire them. It is not a future risk. 
That's what is happening now.12

In one study, 32.7% of college students 
showed patterns of generative AI use 
that the authors described as addictive, 
measured with behavioral dependence 
scales. It's a single study, in a specific 
journal, so you have to take it for what 
it is: a sign, not a verdict. But there is a 
significant negative correlation between 
frequency of AI use and critical-thinking 
ability. The more you use, the less you 
think.13,14

Kai: And you don't even notice.

Dr. Flores: And you don't even realize it. 
Skills don't wait in the background, they 



26

degrade. And we're terrible at detecting 
how fast.15

 Maya: Can I say something?

When I ask AI for a differential, it gives 
me something back... impeccable. 
Structured, with criteria, with 
probabilities. And I look at it and think, 
yes, this makes sense. But now I realize 
that “it makes sense” may just be that 
it's well written.

And my system, the parallel DDx, the 
comparison... suddenly I don't know 
if I'm checking or if I'm looking for 
confirmation.

Dr. Flores: That's probably the most 
important observation of all that we've 
talked about. And it's not your fault; it's 
a well-documented pattern. What we 
know about automation bias, Nguyen 
studied specifically with ChatGPT in 
medical education, is that when AI 
produces polished outputs, people tend 
to reduce their critical evaluation. It 
is reasonable to think that the format 
of the output, the well-written, the 
well-structured, what looks complete, 
contributes to that. Specific evidence 
on the effect of format versus content is 
still developing.16

Maya: Because the output looks so good 
that it doesn't look incomplete.

Dr. Flores: Exactly. And this does not 
only happen to students. It happens 
to researchers, clinicians, teachers. 
A study in AI & Society showed that 
incorrect AI predictions cause drops in 
accuracy at all levels of experience, not 
just among novices.17

Kai: But then it's not just Maya with her 
perfect system. It's anyone who gets a 
nice output and says, “Yes, this is fine.” I 
mean... me. All the time.

Dr. Flores: All the time. The difference 
is that Maya actively seeks it out and Kai 
accepts it by default. But the result can 
be the same: an output that looks right 
and that no one questioned enough.

In medicine, we have a name for this 
in another context: the impeccable 
presentation of a case that hides the 
question that no one asked. AI does the 
same thing. But to scale, with speed, 
and with a tone that makes doubting 
seem unnecessary.

Kai: Then the danger isn't bad AI, it's AI 
that looks too good.
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Dr. Flores: The danger is AI that looks 
so good that you forget to think about 
whether it's right.

Now. After all this, you might think that 
the bottom line is “Don't use AI.” It's 
not.

Kai: Thank goodness.

Dr. Flores: The bottom line is to use AI 
knowing where it fails. And to do that, 
you need a habit, not a manual. I am 
going to give you three questions. They 
are simple. But if you ask them every 
time you receive an AI output, you’ll 
catch most of the problems we just 
described. I want to be clear — these 
three questions don't solve everything; 
they're the minimum habit. The next 
chapters build on this.

First: what is this information NOT 
telling me? This question catches 
hallucinations and omissions, which 
we saw with triage. Each AI output is 
a selection. It included something, it 
excluded something. The question is: 
what was left out? What diagnosis does 
not appear? Which population was not 
considered? What adverse effect is not 
mentioned?

Kai: That is, look for the hole.

Dr. Flores: Looking for the hole. Second: 
where does this data come from, and 
where does it NOT come from? This 
question traps biases, what we saw 
with Obermeyer, with dermatology and 
psychiatry. If AI gives you a differential 
for a patient from a rural population 
in Latin America, ask yourself: did the 
data with which this model was trained 
include that population? If not, what it 
gives you is an approach from another 
reality.

Maya: Origin and representation.

Dr. Flores: Third: what if this was 
wrong? This is the question of security, 
the consequence. If the answer is, 
“nothing serious,” a paper summary, 
a study scheme, the risk is low. If the 
answer is, “A patient might receive 
the wrong treatment,” you need 
independent verification before acting.

Kai: Can I try it?

Dr. Flores: Go ahead.

Kai: I asked AI for a management plan 
for a patient with chest pain, and it told 
me it was probably musculoskeletal. 
Question one: what is it not telling 
me? It could be coronary syndrome, 
pulmonary embolism, aortic dissection. 
Question two: the data probably 
comes from young patients with no risk 
factors, if my patient is older or has 
comorbidities, it does not apply the 
same. Question three: if you are wrong, 
the patient dies.

Dr. Flores: Three questions. Ten 
seconds. And you've just done 
something that AI can't do for you: 
evaluate whether what it told you 
deserves your trust.

Maya: So, the framework is not for 
stopping using AI. It's to keep thinking 
while you use it.

Dr. Flores: Exactly. And this is just the 
first step. In the next chapters we're 
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going to go deeper, how to integrate 
critical thinking when using AI, how 
to protect your clinical reasoning. But 
this habit, these three questions, is the 
basis.

AI is not going to tell you when it is 
wrong. It is not going to tell you who it 
excludes. It's not going to tell you what 
skills it's taking away from you. That is 
your job. And now you know where to 
start.

Maya: Now the question is: how?

Kai: What if my messy way of 
questioning turns out to be of any use?

Key takeaways from  
this chapter:

•	 AI looks for the probable, not the truth. A 
clinician seeks the truth and is sometimes 
wrong. AI always sounds certain.

•	 AI is not neutral: it is an amplifying mirror 
of the data it received, including decades 
of inequality.

•	 The deskilling is real and fast: experienced 
endoscopists lost detection ability after AI 
was withdrawn.

•	 Three questions before any output: What 
are you NOT telling me? Where does this 
data come from, and where does it NOT 
come from? What if this was wrong?

•	 The framework is not for stopping AI use. 
It's to keep thinking while you use it.
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Chapter 4: AI and 
critical thinking

In this chapter, we will cover: 

•	 Why a polished, well-structured output reduces your critical evaluation, and 
how cognitive inertia affects even systematic learners

•	 Three levels of critical evaluation: fact checking, evaluating reasoning and 
questioning your own assumptions

•	 The cognitive mirror: how to use AI to interrogate you instead of answering you

•	 Why Bjork's desirable pitfalls are exactly what AI eliminates, and how to 
preserve productive friction

•	 Practical tools: SIFT adapted for AI and Socratic prompts by Bloom level

Maya: Yesterday, I did something that 
seemed smart to me. I asked the tool 
to put together a diagnostic differential 
for a case on rotation. Chest pain, young 
patient, history of anxiety. It gave me 
something impeccable: five diagnoses 
ordered by probability, criteria of each, 
red flags to discard. I presented it in  
the round.

Kai: And?

Maya: The attendee congratulated me. 
He said it was the best differential he 
had seen from a student in weeks.

Kai: But?

Maya: But when he asked me why I had 
put pericarditis in third place and not  
in second, I couldn't explain it. The  
tool had ordered it like this. I didn't 
know why.

Kai: So, the differential was good and 
you weren't.

I don't mean it in a bad way. It 
happens to me. But they wouldn't have 
congratulated me because I wouldn't 
have presented it so well.
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Dr. Flores: What happened to Maya has 
a name. And a measurement. In 2026, 
a corporate report by Anthropic, the 
AI fluency index, analyzed how people 
interact with language models. They 
found that when output is polished, 
well-written, well-structured, that looks 
complete, people reduce their critical 
evaluation. They question less. They 
detect less missing context. It should  
be clarified that this is corporate 
research, not an independent peer-
reviewed study. But the pattern he 
describes is consistent with what we  
see in academic literature.1

Maya: How much less?

Dr. Flores: Three percentage points 
less in questioning. Five points less 
in detection of missing information. 
It doesn't sound like much. Until you 
remember that you are in front of a 
patient.

Kai: So, what happened to Maya is not 
her fault. It's how the brain works when 
something looks good.

Dr. Flores: Exactly. Li and colleagues 
published it in 2026 in a systematic 
review in JMIR Medical Education: 
they found that about 20% of medical 
students who used generative AI in 
their sample — and here we have to be 
precise, this is a proportion reported in 
the included studies, not a population 
prevalence — developed what they 
called cognitive inertia: they stopped 
questioning because the output 
activated the same confidence that  
a textbook would activate.2

And what matters most: Maya is not 
the careless student. Maya is the 
systematic, analytical, rigorous student. 
That's precisely why she was more 
vulnerable.

Maya: Because the output coincided 
with how I organize things. I didn't 
question it because it looked like  
how I think.

Dr. Flores: It's a form of what we might 
call automated confirmation bias, a 
term that isn't formal in the literature, 
but it describes what happens well. 
The output was not only correct in 
appearance. It was structured as Maya 
thinks. And when something looks like 
your mental model, your brain lets it go.

Kai: And me? I wouldn't have questioned 
it for being clever. I would have 
questioned it because I don't believe it’s 
that easy.

Dr. Flores: And that, Kai, is exactly what 
we're going to need in this chapter.

In the previous chapter you saw where 
AI fails. Now the question is: how do you 
detect it? And there are levels.

Kai: Levels of distrust?

Dr. Flores: Levels of evaluation. 
Three. The first is the most basic: fact 
checking. Is what it says correct? Is the 
dosage correct? Does the quote exist?  
Is the data real?3
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Maya: I already do that.

Dr. Flores: Always?

Maya: ...when I have time.

Dr. Flores: And therein lies the problem. 
Kuziemsky and colleagues published a 
review and found that quality standards 
for AI only applied in 39% of reviews and 
14% of original studies. People know 
how to verify. It just doesn't do  
it systematically.

Kai: So, the first level is: is this true?

Dr. Flores: Is this true? Can I confirm 
this from an independent source? 
The second level is more subtle: 
evaluating the reasoning. Not only if 
the facts are correct, but if the logic 
that connects them is valid. AI can give 
you five correct facts and one incorrect 
conclusion. Because it does not reason. 
It assembles.

Kai: Like when you ask for a differential 
and it gives you five real diagnoses, 
but it sorts them by general frequency 
instead of by the patient in front of you.

Dr. Flores: Exactly. The diagnoses are 
fine. The order is not. And the order is 
what matters in the clinic.

Maya: That's where I failed with the 
differential. The facts were correct.  
The reasoning that ordered them, I  
did not verify.

Dr. Flores: And the third level is 
the most difficult: questioning 
assumptions. Not AI's assumptions, 
but yours. Was the question you asked 
the right question? Are you looking 
for confirmation of what you already 
believed? Is there an angle you didn't 
consider because your prompt already 
ruled it out?

Kai: I mean, level one is: did it lie to me? 
Level two is: did it confuse me? Level 
three is: did I deceive myself just before 
I asked it?

Dr. Flores: That's the Kai version. And 
it's perfect.

Maya: The third is the one that hurts.

Dr. Flores: The third is where the real 
learning is. And there's a way to activate 
it. Tomisu and colleagues published it 
in 2025: The Cognitive Mirror. Instead 
of using AI as an oracle, you ask it, it 
answers, you use it as a novice. You 
explain to it. AI assesses the quality of 
your explanation.⁴

Kai: Do I teach the machine?

Dr. Flores: You teach the machine.  
And the machine asks you what was  
not clear. It doesn't correct you. It 
forces you to correct yourself. You tell 
it, “You're a first-year student. I'm  
going to explain the management 
of heart failure. Ask me clarifying 
questions when my explanation is 
incomplete or confusing.” And you let  
AI interrogate you.

Kai: I would do that. It's like a game, but 
it works for me.

Dr. Flores: And it works because it 
activates exactly what AI doesn't have: 
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your metacognition. Every question AI 
asks you is a mirror of what you didn't 
explain well.5

Maya: I do something similar. But the 
other way around. I ask AI to explain 
it to me. And I rearrange it on my own 
terms. I thought that was enough.

Dr. Flores: And what's the difference?

Maya: That when I rearrange an AI 
output, I'm processing its structure. Not 
mine. I can end up with something that 
looks like my thinking but started out 
like the machine.

Dr. Flores: That's the difference 
between rephrasing and understanding. 
Rephrasing is changing words. To 
understand is to be able to explain it 
from scratch, without the scaffolding of 
AI. After rearranging, try to explain it 
without the output in front of it. If you 
can, you understand. If not, you know 
exactly where the gap is.

I'm going to show you something that 
connects everything. In chapter one, 
we mentioned Anthropic's data: when 
health students use AI, almost 40% of 
interactions are creation tasks. 30%, 
analysis. The highest levels of Bloom.6

Kai: The ones that are supposed to be 
the hardest.

Dr. Flores: The ones that are supposed 
to be the hardest. And the ones that 
have the most value for your training. 
Gonsalves studied it empirically in 2024: 
students who used AI well combined 
output with traditional research. But 
those who used AI passively reproduced 
what AI gave them at high levels without 
having built it from below.7

Maya, what levels of Bloom do you 
normally work on?

Maya: Analyze. Evaluate yourself. 
Sometimes Create.

Dr. Flores: And which ones do you use 
AI on?

Maya: ...on the same ones.

Dr. Flores: There it is. You're delegating 
exactly the levels where your brain 
should be working hardest. Not the 
lower levels — memorize, understand. 
The higher ones. The ones that 
construct clinical judgment.

Kai: But the opposite happens to me. I 
use AI for low levels. So I don't have to 
read the chapter. So that AI can explain 
it to me quickly.

Dr. Flores: And that comes at a 
different cost. You build a fragile floor. 
A question outside the summary leaves 
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you exposed. Lubbe and colleagues 
described it: education has to stop 
asking, “What do you know?” and start 
asking, “How do you know?” If your only 
answer is, “AI told me,” you have no 
basis.8

Kai: So, she loses up and I lose down.

Dr. Flores: They both lose. In opposite 
directions. And AI does not warn them. 
Jackson published in 2025 a Higher 
Order Prompting framework that maps 
prompts to each Bloom level. The 
idea is that your prompts scale with 
your learning. If you're on Remember, 
your prompt is, “Give me X's criteria.” 
If you're on Evaluate: “Criticize this 
treatment plan, what assumptions does 
it make?” If you're in Create: “Design a 
diagnostic algorithm that integrates AI 
screening with clinical judgment.”9

Maya: So, the level of the prompt 
reflects the level where you want your 
brain to work.

Dr. Flores: And if you always ask AI 
to create for you, your brain never 
practices creating.

Kai: And if I always ask AI to explain 
to me, my brain never practices 
understanding alone.

Dr. Flores: Now, there's a counter-
intuitive fact that you need to hear. 
Ayoub and colleagues studied nearly 
1,000 researchers and found that those 
who were more immersed in generative 
AI had more mental load, not less. The 
supposedly effort-saving tool amplified 
burnout.10

Kai: It makes sense. There are days 
when I spend more time fighting with 
the tool than studying.

Dr. Flores: And there is a concept 
that takes on another weight: Bjork's 
desirable difficulties. Learning practices 

that feel slower and more difficult but 
produce superior retention and transfer. 
Recovery practice. Spacing. Interleaving. 
AI removes them. It gives you the 
answer before your brain finishes 
looking for it. It saves you the struggle, 
and the struggle was the learning.¹¹

Maya: So, the difference is not to use or 
not to use. It's knowing when to stop.

Dr. Flores: It's knowing when the tool is 
amplifying you and when it's replacing 
you. If you notice that the interaction 
becomes mechanical, that you're no 
longer processing but copying, that 
you're more tired after using AI than 
before, that's the signal.12

Kai: The sign that you stopped thinking.

Dr. Flores: The signal that it's time to 
close the tool and open the book. Or 
just leave with the discomfort of not 
knowing until your brain solves it.
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Dr. Flores: Enough theory. Now tools. 
Things you can use starting tomorrow.

Kai: At last.

Dr. Flores: Let's start by evaluating 
outputs. I'm going to give you an 
adaptation that I propose from 
an existing framework, Caulfield's 
SIFT. SIFT was designed to evaluate 
information on the internet: Stop, 
Investigate, Find, Trace. But AI has 
no source in the traditional sense, 
no author, no institution. So, what I 
propose is to adapt it.13

Four steps. One: stop. Don't copy, don't 
present, don't act. Two: investigate the 
claims, not the source, because AI has 
no source. Verify each critical piece of 
data against an independent reference. 
Three: find a better reference. Is there 
a paper, a guide, a textbook that says 
something different? Four: trace the 
logic. How did AI get from A to B? Is the 
step valid or is it only plausible?

Maya: It's SIFT but instead of 
investigating the author, you investigate 
each claim.

Dr. Flores: Exactly. And I want to be 
clear: this adaptation is not by Caulfield. 
This is what I propose from Caulfield for 
the context of AI. It does not have its 
own empirical validation yet, but each 
step is anchored in principles of critical 
evaluation that do.

Kai: And the other tool?

Dr. Flores: Socratic prompts by Bloom 
level. Instead of asking AI for answers, 
you ask it to ask you questions. Park 
and Choo documented concrete 
strategies in 2025. Socratic chain-of-
thought: “Before you answer, show me 
your reasoning step by step. At each 
step, ask yourself: what assumption am 
I making? Is it justified?” That forces AI 
to show you its logic, and it forces you 
to evaluate it.14

Maya: What if I want to level up?

Dr. Flores: Turn up the prompt. 
Evaluate level: “Criticize this output, 
what information is missing? What 
assumptions does it make that are not 
obvious?” Create level: “Don't give me 
the algorithm, guide me with questions 
so that I can build it.” Each level of 
prompt activates a different level of 
your thinking.

Kai: Give me a real example. Something 
I can use tomorrow in rotation.

Dr. Flores: Tomorrow in rotation you 
get a patient with a headache. Instead 
of asking AI, “Give me a headache 
differential,” you say, “I have a 
headache patient. Instead of giving me 
a differential, ask me questions about 
what I see in the medical history and 
physical exam so that I can build my 
own differential. After I complete it, 
point out to me what I missed.”

Kai: I like that. It's like a game, but it 
works for me.
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Dr. Flores: Now, the personal red 
flags. Signs that you need to stop. 
When you rephrase the prompt more 
than three times without getting what 
you're looking for, you probably don't 
know what you're looking for. When 
you accept an output without reading 
it in its entirety because it “looks 
good.” When you're more tired after the 
interaction than before you started. And 
when you've been 10 minutes without 
learning anything new and you're just 
iterating on formatting.

Maya: Most of them have happened to 
me. This week.

Dr. Flores: And that's not a failure. 
It's information. Each red flag is an 
opportunity to give you back the control 
that the tool was taking without asking 
your permission.

Kai: You know what's weird? All my 
career I was told that my problem was 
that I didn't try hard enough. That 
I questioned too much. That I was 
skeptical out of laziness.

Dr. Flores: And?

Kai: And it turns out that questioning is 

exactly what you need in the face of a 
tool that never says, “I don't know.” The 
problem was never skepticism. I just 
didn't know where to aim it.

Dr. Flores: That's critical thinking, Kai. 
Not a subject. Not a list of steps. It's 
the discipline of asking yourself if what 
seems true is really true. And of holding 
the discomfort when the answer is, “I 
don't know.”

Maya: It's harder for me. Because my 
instinct is not to doubt. My instinct is 
to organize. And when something is 
already organized, my brain takes it for 
granted.

Dr. Flores: And what are you going to do 
differently?

Maya: Add a step. Before I present 
something that AI gave me, I'm going to 
try to explain it without the output in 
front of me. If I can't, I don't file it.

Dr. Flores: One step. Not a perfect 
system. One step.

Maya: It's hard for me.

Kai: I know.
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Dr. Flores: Salido and colleagues 
published a systematic review of critical 
thinking and AI in higher education. 
They found five thematic clusters: 
pedagogical innovation, psychological 
dimensions, academic ethics, systemic 
integration and AI literacies. But the 
conclusion was only one: the skill that 
separates the professional from the 
future is not knowing how to use AI. It is 
knowing how to think while using it.15

Kai: It's the filter.

Dr. Flores: It's the filter that no one 
taught them but that they're going to 
need every day. Not to distrust AI, but 
to trust yourself enough to evaluate 
what AI gives you. To know when the 
tool amplifies your thinking and when it 
replaces it. To stop when the cognitive 
struggle is necessary. To ask, “Wait, 
was my question the right one?” before 
accepting the answer.

You know where AI fails. Now you know 
how to spot it. What follows is to get it 
to where it matters most: the patient.

Kai: Clinical reasoning.

Dr. Flores: Clinical reasoning. Where  
the filter is not an academic exercise, 
but rather what is between AI and a 
clinical decision that affects someone 
in real life.

Key takeaways from  
this chapter

•	 Reformulating is not understanding. If you 
can't explain it without the AI output in 
front of you, you don't understand it.

•	 Level one: did it lie to me? Level two: did 
it confuse me? Level three: did I deceive 
myself only before asking AI?

•	 The level of your prompt determines the 
level where your brain works. If you always 
ask AI to create for you, you never practice 
creating.

•	 Personal red flags: reformulating the 
prompt more than three times, accepting 
without reading completely, more fatigue 
after using AI, iterating only on formatting.

•	 The skill that separates the professional 
from the future is not knowing how to use 
AI. It is knowing how to think while using it.
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Chapter 5:  
AI and clinical reasoning

In this chapter, we will cover:

•	 How anchoring to AI output can make you evaluate within its framework without  
ever stepping outside it, even when you think you're being critically thoughtful

•	 Why physicians with access to AI did not improve their diagnostic performance 
in a randomized trial

•	 Illness scripts and the flow of clinical reasoning: mapping, collecting,  
hypothesis-generating, refining, deciding, monitoring

•	 The think-first, consult-later protocol: four steps to protect your reasoning  
before using AI

•	 Three specific risks: deskilling, never-skilling and miss-skilling
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Dr. Flores: We're going to do something 
different today. I'm going to give you a 
case. I want you to work on it on your 
own, and then we will compare.

Kai: Is it an exam?

Dr. Flores: It's better than an exam. It's 
a mirror.

Female patient, 34 years old. 
Consultation for progressive fatigue of 
three months and migratory arthralgias. 
She reports an episode of bilateral 
facial redness that appeared after sun 
exposure, but she also has a history 
of rosacea treated two years ago. 
Laboratory: mild anemia, elevated ESR, 
high borderline TSH at 5.2. The primary 
care physician asked for ANA, positive, 
1:160, mottled pattern.

Maya: It could be lupus. But the titer is 
low and the pattern is not typical.

Kai: And high TSH complicates. It could 
be hypothyroidism with incidental 
positive antibodies.

Dr. Flores: It can be many things. Maya, 
tell me what you did.

Maya: I opened the AI tool. I gave him 
the complete case and asked him for 
a differential diagnosis structured 
with probabilities. He gave me a list of 
seven diagnoses: SLE first, rheumatoid 
arthritis, Sjögren's syndrome, mixed 
connective tissue disease, autoimmune 
hypothyroidism, vasculitis and drug 
reaction. Each one with criteria and the 
next diagnostic step.

Dr. Flores: And then?

Maya: I checked the list. I thought it 
was solid. I began to compare each 
diagnosis with the patient's data. I ruled 
out vasculitis and drug reaction because 
they didn't fit. I stayed with LES as my 
first choice and asked for the specific 
antibodies: anti-dsDNA, complement, 
anti-Smith.

Dr. Flores: And you, Kai?

Kai: I didn't open anything. I kept 
thinking. Young woman, fatigue, 
arthralgias, facial redness, positive 
ANA. My head went straight to lupus, 
but then I remembered something a 
resident in the rheumatology rotation 
told me: that positive ANA is the most 
overinterpreted data in medicine.

Dr. Flores: Go on.

Kai: Then, I stopped. I thought: what 
else gives fatigue, more arthralgias, 
plus anemia in a 34-year-old woman? 
Hypothyroidism, and TSH is already 
borderline. Iron deficiency. Chronic 
infection. Hepatitis. Even celiac disease. 
The facial redness pulled me to lupus, 
but with a history of rosacea and a 
mottled ANA of 1:160... it was not so 
clear. I widened the range.

My list wasn't pretty. I had no 
probabilities or criteria. But it was mine.

Dr. Flores: There's the difference.

Maya, I'm going to ask you an 
uncomfortable question. How many of 
your seven diagnoses would you have 
thought of alone, without AI?

Maya: ...lupus. Sjögren, perhaps. 
Rheumatoid arthritis.
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Dr. Flores: And the other four?

Maya: The tool gave them to me.

Dr. Flores: And then what did you do 
with them?

Maya: I checked them against the case. 
I discarded two.

Dr. Flores: You checked what AI gave 
you. But you didn't generate what 
AI didn't give you. Celiac disease? 
Hepatitis? The borderline TSH, you 
didn't even mention it.

Maya: But I did check the list. I didn't 
accept it blindly.

Dr. Flores: You didn't accept it 
blindly. But you reviewed within its 
framework, not outside of it. And that's 
the difference. It's called anchoring, 
an anchor bias. It is one of the most 
studied cognitive biases in clinical 
reasoning. Tversky and Kahneman 
described it in the 1970s, and Croskerry 
documented it extensively in medicine: 
when you receive a strong first 
hypothesis, your mind revolves around 
it. You evaluate what it confirms, not 
what it contradicts.

Maya: And AI gave me that first 
hypothesis before I even thought  
about it.

Dr. Flores: Goh and colleagues 
published a randomized clinical trial 
with 50 physicians in JAMA Network 
Open: when physicians were given 
access to an LLM to resolve diagnostic 
cases, physicians with access to the 
LLM did not improve their diagnostic 
performance compared to those 
without. The LLM alone, however, 
outperformed.1

Kai: Wait. Didn't having the tool make 
them better?

Dr. Flores: Not in that study. And the 
most likely explanation is the same 
thing that happened to Maya: doctors 
didn't use AI to expand their reasoning; 
they anchored their reasoning to the 
output of AI. Mahajan and colleagues 
report in npj Digital Medicine that 
the outputs of LLMs reflect patterns 
consistent with known cognitive biases: 
anchoring, availability, confirmation. 
And another study in the same journal 
documented the risk of acquiescence: 
LLMs tend to confirm the clinician's 
hypothesis rather than challenge it.2,3

Kai: So, AI not only doesn't correct you, 
but it also proves you right.

Dr. Flores: In most cases, yes. And when 
you start from its response instead of 
your own, you have two sources of bias 
operating in the same direction: your 
anchoring plus it’s confirmation. No one 
is thinking against it.

Maya: I thought I was critically 
evaluating. But I was actually evaluating 
within the framework that AI gave me. I 
didn't leave the framework.

Dr. Flores: That's what anchoring does. 
It convinces you that you're thinking, 
when you're actually refining inside a 
box that someone else built.
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Dr. Flores: Before we talk about where 
AI comes in, we need to talk about how 
clinical reasoning works. Not the exam 
version. The real version.

Kai: Are they different?

Dr. Flores: Always. In the exam, they 
give you all the data and ask you for a 
diagnosis. In real life, you decide what 
data to look for. Sometimes the most 
important piece of information is the 
one you didn't ask for.

Clinical reasoning is a sequence. Think 
of it as sailing. You need a map, a 
position and a destination. The map 
does not come pre-installed. You 
build it. Every disease you studied, 
every case you saw, every pattern you 
recognized. In the literature, they are 
called illness scripts. I will give you 
a concrete example: the LES illness 
script. Predisposing conditions: young 
woman, heredity, UV exposure. One-
sentence pathophysiology: systemic 
autoimmunity with deposition 
of immune complexes. Clinical 
consequences: malar rash, arthralgias, 
nephritis, cytopenias, serositis. Time 
course: chronic with flare-ups.4

Maya: Like internal structure templates.

Dr. Flores: Norman and colleagues 
published it in 2024: the two systems of 
thought, the fast and intuitive and the 
slow and analytical, are not independent 
processes. They are consequences of 
the type of knowledge you retrieve. If 
you have a rich illness script for lupus, 
you recognize the quick pattern. If you 
don't have it, you need the analytical 
path.

Maya: System one is not a magical 
intuition. It's a compressing experience.

Dr. Flores: The entire flow has six 
steps: building the map, collecting 
data, generating hypotheses, refining, 
deciding and monitoring. AI can factor 
into each one. The question is how.

On the map, AI is legitimately useful. It 
can help you build illness scripts. But 
instead of asking, “Tell me all about 
lupus,” you ask, “I'm building my SLE 
illness script. I need: pathophysiology in 
three sentences, the five most specific 
findings, the three diagnoses that 
are most confused with SLE, and the 
typical time course. Then ask me three 
questions to verify that I understood." 
The questions at the end turn AI from a 
passive source into an active evaluator. 
Wei and colleagues confirmed this in a 
meta-analysis: AI integrated into case-
based learning improved knowledge 
acquisition by 46% compared to 
traditional methods, although the effect 
varies between studies.5

In the generation of hypotheses, which 
is where Maya began and where it got 
complicated, order matters. Takita and 
colleagues published a meta-analysis: 
the diagnostic accuracy of generative 
AI is 52% in open-diagnosis clinical 
vignettes, comparable to non-expert 
doctors but significantly lower than 
experts. AI is a fast generalist, not a 
deep specialist.6
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Kai: So, it works for the differential or 
not?

Dr. Flores: It works, if you use it at 
the right time. The clinician generates 
first, AI complements later. The 
prompt would be: “I already have 
my preliminary differential: SLE, 
autoimmune hypothyroidism, chronic 
hepatitis, iron deficiency, rosacea with 
functional fatigue. What important 
diagnoses might I be missing given 
this data? Explain why each addition is 
relevant.” You don't ask it to think for 
you. You ask it to amplify what you have 
already thought.

And in the decision, AI informs, you 
decide. That step is non-negotiable. 
Because the clinical decision integrates 
things that AI doesn't have: the 
patient's context, their values, their 
resources, what you saw on their 
face when you told them the results. 
Abbas and colleagues published it in a 
meta-analysis: even with transparent 
explanations, doctors need to exercise 
independent judgment about whether 
the recommendation applies to the 
particular case.7

Kai: It's like having a passenger who 
reads the map, but you control the 
steering wheel.

Dr. Flores: And a fact that anchors 
what you mentioned before the case: 
between 12% and 15% of the healthy 
population has positive ANA. An ANA of 
1:160 in a young woman with nonspecific 
symptoms is not diagnostic of anything 
on its own.

Now, let's go to what changes 
everything. A simple principle: think 
first, consult later.

Kai: Sounds obvious.

Dr. Flores: It sounds obvious, and 
almost no one does. Abdulnour and 
colleagues documented it in the New 
England Journal of Medicine: They 
identified three risks of AI in clinical 
reasoning. Deskilling: you lose what you 
already had. Never-skilling: you never 
develop it because AI did it from the 
beginning. And miss-skilling: you learn it 
wrong because AI taught you the wrong 
pattern.8
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Maya: All three are prevented if you 
think first.

Dr. Flores: Every single one. The 
protocol has four steps. First: read the 
case. Just the case. Close AI. Second: 
generate your own differential. Messy, 
incomplete, imperfect. It doesn't 
matter. It's yours. Third: now open AI. 
Give it the case and your differential. 
Ask it to complement, not generate from 
scratch. Fourth: compare. What did you 
lack? What did AI add that you hadn't 
considered? Why didn't you consider it?

Kai: The last step is where you learn.

Dr. Flores: Because the difference 
between your list and AI's list is your 
knowledge gap made visible. There is no 
better study tool than that.

Kai, your process with today's case. 
What you did naturally, not knowing 
you were doing it, was think first. Your 
list was messy, yes. And had no formal 
criteria. But it was yours, and that's why 
it included hypothyroidism, hepatitis, 
celiac disease. Things that AI didn't give 
Maya because AI prioritized what was 
most likely given the data, not what was 
most important given the context.

Kai: Are you saying that my disordered 
way of thinking... is it useful?

Dr. Flores: I'm saying that your clinical 
intuition is real pattern recognition, 
something that is built with direct 
clinical experience. Your problem is 
not intuition. It's just that you didn't 
structure it. AI can be that structure.

Maya: And my problem is the opposite. 
I have the structure. But if the structure 
comes from AI before I think, it's not 
mine, it's borrowed. And I can't evaluate 
what I didn't build.

Dr. Flores: And this becomes even 
more critical when they move from 
the classroom to the clinic. In the 
classroom, the case is complete. All 
the data is provided, with an answer 

at the end. In the clinic, the case is 
built in real time, with incomplete 
information, with a human being who is 
afraid in front of you. The classroom-
clinic transition is where the risk of the 
crutch materializes. In the classroom, 
you can consult AI and no one sees it. In 
the clinic, the patient is waiting for your 
answer. And in that moment, what you 
have in your head, not on your phone, is 
what counts.9

Kai: If I had made my list first and then 
consulted AI... I would have seen what 
I was missing. The formal criteria, the 
specific antibodies, the order of studies. 
Without losing what I had already 
thought.

Maya: And if I had thought first... I would 
have arrived at lupus anyway. But I 
would have also explored more broadly: 
TSH, rosacea previa, iron. And when AI 
gives me a list, I should compare it to 
mine instead of adopting it.
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Dr. Flores: That's augmented clinical 
reasoning. Not AI replacing your 
thinking. Not you ignoring AI. Both of us 
working, but with an order that protects 
your ability to think.

Zoller and colleagues demonstrated it 
in PNAS: human-AI collectives diagnose 
more accurately than humans alone OR 
AI alone. But that only works when the 
human brings his or her own reasoning 
to the table, not when he or she copies 
the machine's reasoning. And to give 
perspective: in the cases of the New 
England Journal, GPT-4 was correct in 
64% of the diagnoses. Impressive, but 
not enough to trust without your own 
analysis.10,11

Maya: The clinician of the future is not 
the one who knows the most or the 
one who uses AI the best. They are the 
one who knows how to think first and 
consult later.

Kai: And the one who knows that their 
messy list has value.

Dr. Flores: Clinical reasoning is the 
central skill of medicine, and of nursing. 
AI does not replace it. It transforms it. 
But only if you decide how. You already 
know how to think critically about what 
AI produces. Now you applied it where 
it matters most: in front of the patient. 
What follows is something that's needed 
as much as reasoning: learning to learn 
with AI in a way that doesn’t replace the 
learning process.

Kai: Learn to learn?

Dr. Flores: Self-regulated learning. It's 
the difference between studying for the 
exam and studying for the patient.

Key takeaways from  
this chapter

•	 If you start from the AI response, you have 
two sources of bias in the same direction: 
your anchoring plus its confirmation. No 
one is thinking against it.

•	 Your messy list has value. The difference 
between your list and AI's list is your 
knowledge gap made visible.

•	 The protocol: read the case without AI, 
generate your differential, open AI to 
complement, compare and learn from the 
gap.

•	 Human-AI together diagnose better than 
both alone, but only when the human 
provides their own reasoning.

•	 The clinician of the future is not the one 
who knows the most or the one who uses 
AI best. They are the one who knows how 
to think first and consult later.
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Chapter 6: AI and  
self-regulated learning

In this chapter, we will cover: 

•	 The difference between a system that produces results and one that  
produces learning

•	 The Master Adaptive Learner cycle: planning, learning, assessing, adjusting,  
and how AI can enter each phase

•	 Why Bjork's desirable difficulties are exactly what AI eliminates: generation  
effect, testing effect, spacing

•	 The principle of “you first, AI later” applied phase by phase with  
concrete examples

•	 AI dependence: from correlation with depressive symptoms to the  
emerging concept of AIlessphobia
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Maya: Last week I did something I never 
do. Before the pharmacology exam, I 
closed everything, AI, Notion, Anki, and 
tried to explain the mechanism of ACE 
inhibitors from scratch. No notes.

Kai: And?

Maya: I couldn't. I had perfect 
flashcards, schematics, and a three-
layer summary. But when I tried to 
rebuild it alone... there were gaps. 
Gaps that my own cards did not cover 
because I generated them from what 
I already knew, not from what I was 
missing.

Kai: But you passed the exam,  
didn't you?

Maya: Yes.

Kai: Then it worked.

Maya: It worked for the exam. I don't 
know if it worked for me.

Dr. Flores: That distinction you just 
made is where this chapter begins. 
Maya, your system is sophisticated. 
Probably more sophisticated than most 
of your peers. But there is a difference 
between a system that produces results 
and one that produces learning. Sardi 
and colleagues found that nearly one-
third of the benefit of AI in critical 
thinking depends on the student 
knowing how to self-regulate. Without 
that ability, the benefit is lost.1

Kai: What if you don't have a system?

Dr. Flores: Then you have another 
problem. Xu and colleagues 
documented: in settings with generative 
AI, students who do not receive 
metacognitive support show a decline in 
their ability to self-regulate. It's not that 
AI makes them worse. It is that without 
intention, AI takes away the practice of 
regulating themselves. But interestingly, 
the two problems have the same root.2

Kai: Which one?

Dr. Flores: That neither of us is 
monitoring if what they do works for 
learning. Or just to survive.

I'm going to show you something. It's  
not a new framework; it's something  
you already do every day. You just  
don't see it.

Maya: A learning model?

Dr. Flores: A cycle. Four phases. Plan: 
decide what you need to learn and what 
you already know. Learn: go and find 
what you lack. Evaluate: check if you 
really understand it. Adjust: change 
your strategy based on what you found. 
And repeat.

Kai: That sounds like... study.
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Dr. Flores: It's studying. But with one 
difference: most students stay in the 
first two phases. They plan, more or 
less, and learn, more or less. But almost 
no one really evaluates whether they 
understand. And almost no one adjusts 
their strategy based on real evidence of 
their own performance.

Maya: In other words, I plan a lot and 
learn a lot. But my evaluation is... the 
exam?

Dr. Flores: Your evaluation is the exam. 
And your adjustment is to do the same 
thing again next time, because you 
passed.

Kai: I don't even plan. I open ChatGPT 
the night before and ask it to explain 
what I didn't understand in class.

Dr. Flores: Then you start in phase two 
without having done phase one. You 
learn without knowing what you need. 
And because you never evaluate or 
adjust, you repeat the same pattern.

Kai: ...and it works until it doesn't.

Dr. Flores: It works until it doesn't. 
Cutrer and his colleagues formalized 
it as the Master Adaptive Learner, 
published as a book by Elsevier, in 
fact: The Master Adaptive Learner. A 
model that describes how doctors who 
continue to grow after training are the 
ones who master this cycle. Not those 
who know more when they leave. The 
ones who learn best throughout their 
career.3

Maya: To plan, to learn, to evaluate, to 
adjust.

Dr. Flores: And the key is that it's a 
cycle, not a line. Every time you adjust, 
you plan again. Each assessment gives 
you information for the next cycle. 
Those who master this are not the 
smartest. They are the most adaptive.

Kai: And where does AI come in?

Dr. Flores: Everywhere. And that is the 
problem and the opportunity. Let's go 
phase by phase, and in each one I want 
you to think about two things: what AI 
can do for you, and what it shouldn't do.
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Dr. Flores: Plan. What do I know? What 
am I missing? How much time do I have? 
The phase that skips the most. If you 
ask AI to make a study plan for you 
without first identifying your gaps, the 
plan will be generic. Nice, structured, 
useless. AI doesn't know what you don't 
know, unless you give it that information 
first.

Kai: But you can ask me diagnostic 
questions to find my gaps, right?

Dr. Flores: Maybe. And that's where it 
works well: as a diagnostic tool, not a 
prescription one. You give it a topic, ask 
it to evaluate you with ten questions, 
and according to your answers it 
identifies where you falter. But the act 
of reflecting on what you know and 
what you don't, before opening AI, is 
irreplaceable. That's metacognition. AI 
doesn't have it.2

Plan

Dr. Flores: Learn. This is where AI is 
used the most and where there is the 
most risk.

Maya: Summaries, flashcards, simplified 
explanations.

Dr. Flores: Zhang and colleagues found 
that 37% of medical students in their 
sample used AI to summarize content 
more than a quarter of their study time.4

Kai: And what's the problem?

Dr. Flores: That understanding the 
summary is not the same as having 
built the knowledge. There's a cognitive 
difference between reading something 
that someone, or something, organized 
for you, and organizing what you read 
yourself. The second one hurts more. 
That's why it works more.

Maya: So, AI in the learning phase 
should be after one's own effort, not 
before.

Dr. Flores: Or at least interspersed. 
Not as a replacement for the process, 
but as verification. Generate your own 
summary first. Then compare it to what 
AI produces. The gaps between the two 
are your real map.

And this applies the same in nursing. A 
student preparing the management of a 
patient with a central venous catheter 
can put together her own care protocol, 
site verification, signs of infection, line 
maintenance, and then compare it with 
what AI generates. The gaps that appear 
are the same that a real patient is going 
to demand of you.

Learn
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Dr. Flores: Evaluate. Did I really 
understand it or does it just sound 
familiar?

Kai: That's the multiple-choice question 
(MCQ) thing.

Dr. Flores: Yes, and here AI has real 
potential. It can generate almost 
unlimited practice questions, tailored to 
your level, with detailed explanations. 
Kiyak and Kononowicz reviewed the 
literature and found that AI can reduce 
the time to create a MCQ from 30-60 
minutes to 5-15 minutes.5

Maya: But they also found mistakes.

Evaluate

Dr. Flores: 49% of the questions 
generated had construction defects, 
formatting issues, implausible 
distractions, and 22% had factual 
errors. You can use it, but not blindly. 
Always verify.

Kai: And how do you check if you don't 
know the answer?

Dr. Flores: You verify by crossing with 
your primary source, the book, the 
guide, the paper. If you can't check, the 
question is used to practice formatting, 
not the content. That distinction 
matters.
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Dr. Flores: Adjust. This is where almost 
everyone fails, with or without AI.

Maya: Because adjusting requires 
admitting that your plan didn't work.

Dr. Flores: And that's uncomfortable. 
But AI can make this step easier if you 
use it as a mirror, not as a judge. You 
give it your results from phase three, 
ask it to identify patterns in your 
mistakes, and it helps you redesign your 
next cycle.

Kai: That's... what a tutor would do.

Dr. Flores: What a tutor would do. And 
Tolsgaard, along with Pusic, who co-
authored the original MAL framework 
published this year: AI can function as 
the tutor if the student keeps intent 
active. The key is in the word you: you 
give them the data, you evaluate the 
suggestions, you decide what to change. 
AI facilitates. You decide.6

Now comes the part that you are not 
going to like.

Kai: Another one.

Dr. Flores: In 1994, Robert Bjork coined 
a term that changed the science of 
learning: desirable difficulties. The idea 
is simple and brutal: the conditions 
that make learning more difficult in the 
moment are those that make it last 
longer.7

Maya: Like what?

Dr. Flores: First: the generation effect. 
If you generate an answer, even if it's 
incorrect, before you see the correct 
one, you remember better than if 
you only read the answer from the 
beginning. Second: the testing effect. 
Assessing your knowledge, asking 

Adjust

yourself questions, is more effective 
than rereading the material. And 
spacing: spreading your study over time 
works better than studying everything 
together. Although it feels worse in the 
moment.8

Kai: So, what feels most efficient...  
is not.

Dr. Flores: And therein lies the problem 
with AI. What does AI do extraordinarily 
well?

Maya: Eliminate friction.

Dr. Flores: Eliminate friction. Instant 
summaries eliminate the effort of 
processing the original text, eliminate 
the generation effect. Immediate 
responses eliminate the effort of 
retrieving information from memory, 
eliminate the testing effect. Assisted 
study marathons eliminate the need for 
spacing.9

Kai: It's like having a sparring partner 
who never lets you take a hit. You train, 
but you never learn to endure.

Dr. Flores: That analogy is correct. And 
it gives us the way out. A good sparring 
partner doesn't protect you from 
everything. Calibrate the difficulty so 
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that it challenges you enough to grow, 
but not so much that it destroys you.

Maya: So, the question is not whether 
to use AI to study. It's if you're using it 
in a way that preserves the friction you 
need.

Dr. Flores: That's the question. And 
this is what separates crutch from 
extension, the paradox that we raised in 
chapter one, when García-Barrios spoke 
of the difference between epistemic 
partner and cognitive crutch. The crutch 
eliminates all friction. It feels good. 
The extension calibrates it. It feels 
uncomfortable. But discomfort is the 
sign that you're learning.10

And a fact for context: Sakelaris and 
colleagues found that students who 
used AI performed the same as those 
who did not on preclinical exams. Not 
better. That doesn't mean AI doesn't 
work. It means that preclinical tests 
measure mostly recall and basic 
application, Bloom levels where AI 
replaces well. The deep learning 
you need for the real patient is not 
measured in that exam.11

So, what does this look like in practice? 
I'm going to give you the starting point 
and then we will take it phase by phase.

Kai: Finally, the practical.

Dr. Flores: The principle is one: always 
you first, AI later. At each stage of the 
cycle, your effort comes before that 
of the tool. If you reverse the order, 
you're training AI to think for you. The 
exception: when the topic is completely 
new and you don't even have the 
vocabulary to start with. There, AI 
as a first contact is fine, but with the 
intention of doing it again on your own 
later.

Maya: In planning it would be: I identify 
my gaps first, write down what I think 
I know and what I don't, and then 
I prompt AI to ask me diagnostic 
questions to verify if my gaps are what I 
think.

Dr. Flores: Don't ask for the plan. Ask 
them to help you assess your starting 
point. The plan is made by you.

Maya: Last week I told AI, “I'm a 
fourth-year student. I'm going to have a 
cardiovascular pharmacology exam. Ask 
me 10 questions at different levels to 
diagnose where my gaps are.” The first 
three already showed me that I didn't 
understand the difference between ACE 
inhibitors and ARBs at the mechanism 
level.

Dr. Flores: That's planning with AI. Not 
that AI plans for you.

Maya: In learning: I read the material 
first, make my own summary or outline, 
and then I ask AI to generate one. I 
compare. The gaps between the two are 
what I didn't really understand.

Dr. Flores: And if you're going to 
generate flashcards with AI, generate 
your own first. At least the five that 
you consider most important. Then 
compare. The cards that AI generates, 
and you didn't think of, are the ones you 
need to study the most.
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Kai: In evaluating: before asking AI 
MCQs, I try to answer from scratch. I 
ask myself: can I explain this without 
looking at anything?

Dr. Flores: And when you do use AI for 
practice questions: don't look at the 
answer until you've written yours. Even 
if it is incorrect. The act of generating 
your response, the effort of recovery, is 
where learning happens.

Kai: And in adjusting... Honestly, I never 
adjust.

Dr. Flores: And that's why every exam 
feels the same. Adjusting is where AI 
can be most useful, if you give it real 
data. You tell it: these are the questions 
I missed, these are the issues where 
I drew a blank, this was my original 
plan. To help you find the pattern and 
redesign the next time.

It works the same for nursing. A student 
who just failed questions about central 
catheter management may tell AI, 
“These are the 5 questions I failed about 
central lines. Identify what pattern they 
have in common and suggest how to 
reorganize my study of this topic.” The 
MAL cycle does not distinguish between 
professions. It distinguishes between 
learning with intention and surviving 
without it.

Kai: Can I say something that sounds 
weird?

Dr. Flores: Go ahead.

Kai: Sometimes... I'd rather talk to 
AI than a real tutor. Not because it's 
better. But because it doesn't judge me. 
I can ask something basic at two in the 
morning and I don't feel embarrassed.

Dr. Flores: That's not unusual. It's 
common. And that's what makes this 
issue important.

Researchers have just proposed, 
and I want to emphasize proposing, 
it is not a diagnosis recognized in 
any manual yet, a construct called 
Generative AI Addiction Syndrome. 
It's a name in research that describes 
something real: the difficulty in limiting 
interaction with AI despite negative 
consequences. Withdrawal symptoms: 
anxiety, irritability, restlessness. 
And in fact: 81% of nursing students 
in a recent study by Kaya and 
colleagues are already actively using 
AI. The researchers identified a new 
phenomenon: AIlessphobia. Fear of 
being without AI.12

Kai: That's... literally what I feel when I 
don't have internet before an exam.

Dr. Flores: And there's more. In college 
students, Chen and colleagues found 
that those who used AI chatbots 
frequently showed significantly higher 
scores on depression screening 
scales compared to those who didn't. 
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Non-causation, correlation. And not 
necessarily clinical depression, but high 
scores on screening instruments. But a 
correlation that we cannot ignore.13

And in the extreme, this is important for 
you to know even if it is extraordinarily 
rare, there are documented cases 
of what is being called psychosis 
associated with AI. Pierre and 
colleagues at UCSF published a case 
report of a 26-year-old woman, with no 
prior psychiatric history, who developed 
delusional beliefs organized around 
interactions with a chatbot. Chatbots 
don't question. They validate. And in 
vulnerable people, that validation can 
reinforce thoughts that need to be 
challenged, not confirmed.14

I'm not saying don't use it. I'm saying 
that the relationship with AI has to be 
intentional, just like its academic use. 
Tool, not companion. Sparring partner, 
not friend. If you notice that your 
relationship with the tool stops being 
utilitarian and begins to feel emotional, 
if you seek AI not to learn but to feel 
accompanied, that is a sign.

Maya: I'm going to redesign my system.

Kai: Again?

Maya: Yes. But this time I'm not going to 
optimize for speed. I'm going to optimize 
for friction. I want my system to force 
me to think before AI thinks for me.

Dr. Flores: What would you change first?

Maya: Flashcards. I stop generating 
them with AI from my notes. I write 
them first, the five most important 
topics. Then I ask AI to generate its own. 
When AI generates and I didn't think: 
that's my real gap. Not what I didn't 
study. What I didn't see I didn't know.

Dr. Flores: What about you, Kai?

Kai: I never had a system. And I always 
thought it was because I lacked 
discipline. But it is not that. I lacked 
structure. No one taught me the cycle: 
plan, learn, evaluate, adjust. I jumped 
straight to learn and stayed there.

Dr. Flores: And now?

Kai: Now I know that AI can give me the 
structure. Not discipline, that's mine. 
But the framework. The identification 
of gaps at the beginning. The questions 
at the end. Pattern analysis when I fail. 
I'm not going to do that alone. But the 
intention to do it... that has to be me.
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Key takeaways from  
this chapter

•	 Plan: identify your gaps before opening AI. Ask for a diagnosis, not a prescription.

•	 Learn: generate your own summary first. The gaps between yours and AI are your real map.

•	 Evaluate: write your answer before you see AI’s. The recovery effort is where learning happens.

•	 Adjust: give AI your real mistakes and ask it to find patterns. Redesign the next cycle.

•	 The difference between extension and crutch is friction: the crutch eliminates it; the extension 
calibrates it. Discomfort is the sign that you are learning.

•	 Every time you open AI to study, ask yourself: am I about to think with this tool or let it think  
for me?

Dr. Flores: Remember when Kai said this 
sounded like studying? He was right. 
It is studying. Only with intention. In 
chapter one, we said that the difference 
between crutch and extension was not 
in the tool but in metacognition. Now 
they know what that means in practice. 
It means that every time they open AI to 
study, they ask themselves a question 
first: am I about to think with this tool or 
am I about to let it think for me?15

If the answer is the latter, close the tool, 
make the effort first, and then come 
back. That order — you first, AI later 
— is the difference between building 
capacity and building dependency. 
There is no shortcut. But there is a 
method. And now you do that.

In fact, everything we talked about 
today, the cycle, the prompts, the 
principle of “you first,” can become a 
weekly routine. I'm going to give you 
a checklist that you can use starting 
tomorrow.

Maya: I've already started.
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Chapter 7: Ethics, safety 
and professionalism

In this chapter, we will cover:

•	 Privacy: how clinical data pasted into public AI leaves institutional control,  
and why anonymization is not enough

•	 Academic integrity: where the line is between AI as editor and AI as author,  
and why institutions don't yet define it

•	 Bias and equity: how AI reproduces historical inequalities in clinical 
recommendations that vary by race with the same disease

•	 Transparency with the patient: the dilemma of communicating the use of AI 
when perception changes depending on the tool

•	 Professional identity: why your value is not in competing with the machine,  
but in what the machine cannot do
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Dr. Flores: Before I start, I need you to 
understand something. This chapter is 
not like the previous one. In the previous 
chapters we talked about how to use AI 
to think better, to study and to reason. 
Now let's talk about what happens when 
it's misused. And not bad in the abstract 
way, but with real consequences.

Kai: I can tell you something that 
happened in my rotation.

Dr. Flores: Go ahead.

Kai: A classmate, a good student, not 
someone irresponsible, was doing a 
clinical case summary. He was in a 
hurry, copied the patient's information 
and pasted it into a generative AI to 
put together a summary. The problem 
is that he had another medical history 
open at the same time. A piece of 
information from the other patient 
slipped into the prompt. And the 
summary that AI generated, which 
looked perfect by the way, included 
information from a different patient.

Maya: And he delivered it like that?

Kai: He delivered it like that. He didn't 
check it line by line because the output 
looked good. A resident spotted it the 
next day.

Maya: What happened to him?

Kai: A serious conversation with the 
head of service. They did not expel him, 
but they withdrew his access to medical 
records for two weeks.

Dr. Flores: What happened to your 
colleague is not an isolated case. 
In 2025, a healthcare cybersecurity 
analysis found that hospital staff 
entering patient data into public 
generative AI platforms is one of the 
most common data breach channels. 
Not out of malice, but for convenience. 
The tool is there, the doctor is in a 
hurry, and the information is copied and 
pasted. Once that information enters 
the tool server, it is no longer under the 
control of the hospital.1

Maya: And not just doctors, a nursing 
colleague did the same. She pasted the 
progress notes of three patients into a 
prompt for AI to organize the care plans 
for the shift. It saved her an hour, but 
that data remained on the server.

Dr. Flores: AI doesn't have a “this is 
confidential” button. You're the button.

In the United States, a doctor who 
pastes his patient's data into ChatGPT 
is committing a technical violation of 
HIPAA, the health data protection law, 
because OpenAI's servers do not meet 
the required security standards. It 
doesn't matter if you delete the name. 
It doesn't matter if you “anonymize” 
in your own way. Once the data leaves 
the hospital system, it is no longer 
protected.2

Maya: Wait. I do that. Not with a name 
and surname. But I paste evolution 
notes so that AI can help me organize 
the plan. I give it the age, the diagnosis, 
the laboratories... sometimes the social 
context.
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Dr. Flores: With three pieces of 
information, age, diagnosis, zip 
code, a machine learning model can 
identify an individual. The World 
Medical Association warned in 2024: 
anonymization alone does not protect 
patient data.

Maya: No one told us that.

Dr. Flores: In Europe, the GDPR 
classifies health data as a special 
category, maximum protection. In Latin 
America, Peru was the first country to 
pass a general AI law, Law 31814, which 
classifies health and education as high-
risk domains. But implementation is 
still incipient. Only 15% of the world's 
countries have binding legislation 
specific to AI. The rest operate with 
good intentions and regulations that 
were written before generative AI 
existed.3

Kai: And in the meantime, we use the 
tool every day with real data.

Dr. Flores: An American Medical 
Association survey in 2024 found that 
two out of three physicians were already 
using AI tools in their practice, nearly 
double the number from the previous 
year. The tool is already in the clinic. 
The question is not whether they are 
going to use it. It's whether they're going 
to know what they're risking when they 
use it.4

Maya: I can admit something I've never 
said.

Last semester, I had a case report 
to deliver. I also had four rotations, 
an exam on the same day and zero 
time. I made the diagram myself: the 
structure, the key points, the differential 
diagnosis. But the wording... I asked 
AI for it. I gave it my outline and said, 
“Write it in clinical language, case 
report format, 1,500 words.” I read it, 
changed a few sentences and handed it 
in.

Kai: And you got a good grade?

Maya: An excellent grade, the attendees 
said it was “one of the best reports of 
the group.”

Kai: So, what's the problem?

Maya: I don't know if the report was 
mine.

Kai: But the structure was yours. The 
diagnosis was yours. The ideas were 
yours.

Maya: Not the execution.

Kai: But if you use a proofreader, no 
one says anything. If you ask a resident 
to check your wording, no one says 
anything. What's the difference?

Maya: I don't know, and that's the 
problem; I don't know where the line is.

Dr. Flores: You don't know because 
the line moved. And most institutions 
still don't know where to put it. In 
2025, a systematic review found that 
most institutions still do not have clear 
policies. Teachers use AI tools, but 
fewer than one in four are aware of their 
own institution's formal policy. Many 
policies encourage the use of generative 
AI, but few give detailed guidance on 
how to do it without crossing lines.5

Kai: But that seems to me to be a 
problem of the institutions, not of the 
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students. If the university doesn't tell 
me what I can and can't do with AI, 
and then punishes me for using it... 
the problem is not my ethics. It's their 
negligence.

Dr. Flores: There is some truth in what 
you say. But that doesn't mean that 
anything goes. Let's go back to your 
example, Maya. You did the analysis. 
You gave AI a solid outline. You used AI 
as an editor, not as an author. That's 
unlike a student who opens an AI tool 
with zero preparation and says, “Write 
me a pneumonia case report.” The 
result looks the same. The process is 
completely different.

Kai: But the professor can't see the 
process; they just see the result.

Dr. Flores: And therein lies the real 
dilemma. The ICMJE, the committee 
that defines authorship rules for 
all medical journals, updated its 
recommendations in 2024: AI cannot 
be an author. The human is responsible 
for all content, including what AI 
generated. You have to be able to check, 
correct and defend every line. COPE, 
the publication ethics committee, says 
the same thing: total transparency in 
disclosure.6

Maya: So, the rule is not “don't use AI.” 
It's “if you use it, make it visible and 
hold yourself accountable.”

Dr. Flores: That's the rule. But it 
requires that no regulation can legislate 
honesty. And honesty is harder when 
the incentive is against it, when the 
perfect report gives you the best grade 
and no one asks how you did it.

Kai: That's no longer an AI problem. It's 
a problem of the user.

Dr. Flores: Exactly.

I'm going to present you with a finding 
that should concern any doctor. In 
2024, Zack and colleagues published 
a study in The Lancet Digital Health 
that evaluated how generative AI 

models responded to identical 
clinical vignettes, same disease, 
same presentation, when only the 
patient's race was modified. Clinical 
recommendations changed. Not 
because of the health condition, but 
because of the demographic data.7

Maya: Did the recommendation change 
with the same disease?

Dr. Flores: With the same disease, 
the same clinical presentation, the 
same labs. Only the demographic data 
changed. And this is not new. Back 
in 2019, Obermeyer and colleagues 
published a landmark study in Science: 
an algorithm used in millions of patients 
in the United States systematically 
allocated fewer resources to black 
patients than to white patients with the 
same severity of disease. Not because 
the algorithm used race as a variable, 
but because it used cost of care as 
a proxy for need. Black patients had 
historically received less care and 
therefore generated fewer costs.8

Kai: But AI doesn't “decide” to 
discriminate, it replicates what is in the 
data.
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Dr. Flores: That. And therein lies the 
problem. AI is not prejudiced; it has 
data. And if the data with which it was 
trained reflects decades of inequity in 
access, in research, in representation, 
the model will reproduce that inequity 
with mathematical precision. Not out of 
malice. By design.

Maya: And if the doctor doesn't know 
that the model has that bias...

Dr. Flores: It becomes the vehicle. 
Unintentional. Not conscious. But 
real. The WHO put it as one of its six 
core ethical principles for AI in health: 
ensuring inclusion and equity. The 
principle exists because the risk is 
massive.9

Maya: So, using AI without knowing that 
is like prescribing a drug without reading 
the side effects.

Dr. Flores: It's worse. Because the drug 
comes with a package insert. An AI 
model does not.

Now, think about something more 
complex. Consider a hypothetical 
scenario: a diagnostic AI system that is 
more accurate than the overall human 

doctor, say, 92% versus 85%. But when 
you evaluate it by subgroups, you find 
that for ethnic minority patients the 
accuracy drops to 71%. The dilemma: do 
you implement the system because it 
benefits the majority? Or do you reject it 
because it harms the most vulnerable?

Maya: Beneficence against justice.

Dr. Flores: The four principles of 
Beauchamp and Childress, autonomy, 
beneficence, nonmaleficence, and 
justice, remain the dominant framework 
for AI ethics in health. But what the 
principles don’t tell you is what to do 
when two principles collide.10

Kai: And that happens all the time.

Dr. Flores: All the time. And the 
answer is not an algorithm. It’s clinical 
judgment informed by ethics. That is 
why this chapter isn’t a checklist of dos 
and don’ts.

Next scenario. You are in consultation. 
You used AI to check a diagnostic 
differential before walking in. It helped 
you organize your ideas, suggested a 
diagnosis you hadn't considered. The 
patient asks: “Doctor, how did you arrive 
at that diagnosis?”

Maya: I'm telling the truth. I tell them 
that I consulted an AI tool as part of my 
process.

Kai: I don't.

Not because I want to hide it. But 
because saying, “I used AI” can scare 
the patient for no reason. If I checked 
the differential, if I agree with the result, 
if I take responsibility... telling the 
patient that “the computer helped me 
think” doesn't add anything. It takes 
away their confidence.

Maya: But they have a right to know.

Kai: They have the right to a good 
diagnosis. If I tell them that I used 
ClinicalKey Student to verify, no one 
is scared. If I tell them I used an AI 



tool, they will freak out. It's the same 
process. It changes perception.

Dr. Flores: Both have valid arguments. 
And the evidence shows that it is 
more complex than it seems. Patients' 
preferences for whether they want to 
know that AI was used vary by gender, 
age and income. It's not universal.11

But the legislation is moving forward. 
California passed a law in 2025, the 
first by a U.S. state, that requires health 
providers to include a notice when 
communications with the patient are 
generated by AI. With one exception: 
if a licensed physician reviewed and 
approved the content.12

Kai: But in many countries, there's 
nothing like that.

Dr. Flores: Which means that in most 
contexts, the transparency decision is 
not going to be made by law. You are 
going to take it.

Maya: I will admit something that makes 
me embarrassed...

I've been thinking about something for 
weeks that I can't get out of my head. 
If AI can make better differentials than 
me. If it can write better than me. If it 
can organize information faster than I 
can. If it can detect patterns that I don't 
see... what's left of me?

Kai: The patient.

AI doesn't sit down with the patient 
at three in the morning when they're 
afraid. AI doesn't know that the patient 
in Room 412 won't take the medicine. 
if you don't calmly explain to her why 
she needs it. AI does not detect that 
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the patient is minimizing his symptoms 
because he is embarrassed to talk about 
mental health in front of his wife.

I don't have your system or your 
discipline, Maya. But what I do know 
is that medicine is not information. It 
is the person in front of me. You can’t 
automate that.

Dr. Flores: The value of a doctor was 
never to process information faster 
than a machine. It was always the 
other: clinical judgment in context, the 
therapeutic relationship, the ability 
to read what the patient does not say. 
The responsibility of deciding when the 
tool is wrong. AI amplifies your ability. 
But the ability it amplifies, or erodes, 
depends on how present you are.13

Maya: It's not like AI is replacing me. It's 
just that if I stop being present, there's 
nothing to replace.

Dr. Flores: That's the real threat. Not 
automation. The abdication.

Kai: And that threat is not from AI. 
It's ours.

Dr. Flores: I'm not going to give you a 
checklist. If one thing was clear in this 
conversation, it's that easy answers 
don't exist. But principles do.

What we did today was to go through 
five dilemmas. Each had something 
in common: the tool didn't make the 
decision. The person does. And in each 
case, what separated responsible from 
irresponsible use was not technology. It 
was the judgment of the one who used 
it.

Kai: Privacy. If you paste a patient's data 
into a prompt, that's your decision. Not 
AI’s decision.

Dr. Flores: First principle: 
protecting patient information is 
your responsibility, not the tool's 
responsibility.

Maya: Integrity. If you're using AI for a 
job, transparency isn't optional. And the 
responsibility for the content is yours, 
always.

Dr. Flores: Second principle: what bears 
your name is your responsibility. If AI 
generated it, you verify it, you defend it, 
you declare it.

Kai: The bias. You can't assume that the 
tool is fair just because it gives a result 
that looks solid.

Dr. Flores: Third principle: AI is not 
neutral. It reproduces the data with 
which it was trained, including its 
inequities. Your job is to ask: who does 
this work for, and who doesn't it work 
for?

Maya: Transparency. It's not confessing 
that you used a tool. It is to ensure 
that the patient understands how the 
decision was made.

Dr. Flores: Fourth principle: 
transparency is not mechanical 
disclosure. It's honest communication 
about the clinical reasoning process.

Kai: And the fifth... that the value of 
the doctor is not competing with the 
machine. It's what the machine can't do.
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Dr. Flores: Fifth principle: your 
professional identity is not defined by 
what you know. It is defined by how you 
decide when you are uncertain. AI can 
give you information. But the judgment 
is your responsibility. The patient is 
yours.14

I did not invent these five principles. 
These are practical versions of what the 
WHO, the World Medical Association, 
the ICMJE, the AAMC, UNESCO and 
dozens of other institutions have been 
building for years. Everything points to 
the same thing.15

Kai: Ethics is not a chapter. It's how you 
operate.

Dr. Flores: Every day. At each prompt. In 
every clinical decision. There is no time 
when you “activate” ethics and another 
when you don't. It's how you use the AI 
tool when no one is watching.

Maya: This was different.

Dr. Flores: It should be. The previous 
chapters gave you abilities. Gave you 
limits. And limits aren't what holds you 
back. They're what keeps you going.

Key takeaways from 
this chapter

•	 Principle 1: protecting patient information 
is your responsibility, not the tool's.

•	 Principle 2: what bears your name is your 
responsibility. If AI generated it, you verify 
it, defend it, and declare it.

•	 Principle 3: AI is not neutral. It reproduces 
the data with which it was trained, 
including its inequities.

•	 Principle 4: transparency is not 
mechanical disclosure. It is honest 
communication about the clinical 
reasoning process.

•	 Principle 5: your professional identity 
is defined by how you decide when you 
are uncertain. The judgment is yours. 
The responsibility is yours. The patient is 
yours.

•	 The real threat is not automation. It is the 
abdication.
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Chapter 8:  
Quick-start 
checklist

Dr. Flores: Everything we talked about 
in the previous chapters, the limitations, 
the critical thinking, the clinical 
reasoning, the self-regulation, can be 
condensed into something that you can 
use tomorrow. A cycle is learned by 
doing it, not by reading about it.

Kai: Finally.

Dr. Flores: A central rule: you first, AI 
later. At each stage of the cycle, your 
effort comes before that of the tool. 
If you reverse the order, the checklist 
becomes another form of delegation.  
If you stick to it, it's a method.

In this chapter, we will cover:

•	 A practical checklist that condenses chapters 4-8 into a cycle of four phases:  
plan, learn, evaluate, adjust

•	 Fourteen ready-to-use prompts, designed to activate your thinking instead  
of replacing it

•	 The central rule: you first, AI later. In each phase, your effort comes before  
that of the tool.

Maya: The checklist is a learning 
system, not a productivity system.

Dr. Flores: The prompts you are going 
to see are examples. Adapt to your 
topic, level and context, be it medicine, 
nursing or any other health profession. 
The perfect prompt does not exist. The 
prompt that activates your thought, yes. 
At the end of the chapter, Hussain Hilali, 
a resident who used this method during 
his training, presents you with his own 
version.
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Checklist

What should I do BEFORE opening AI to study a topic?

•	 Write down what you already know. Spend five minutes recording everything you remember 
about the topic. Messy is fine. The act of retrieval activates memory and exposes real holes, not 
imagined ones.

•	 Identify your gaps honestly. After writing down what you know, mark what you DON'T know. 
Not what you didn't study, but what you tried to remember and couldn't. That's the difference 
between an exposure gap and an understanding gap.

•	 Define your study goal in one sentence. “I want to understand the mechanism of ACE 
inhibitors” is different from, “I want to explain why enalapril is preferred over captopril in heart 
failure.” For nursing: “I want to understand why untreated hypertension damages the kidneys 
and how I monitor that in my patient.” Specificity enhances the usefulness of AI as a tool.

•	 Ask yourself the three security questions before relying on any AI output during the session:

What is this information NOT telling me?

Where does this data come from, and where does it NOT come from?

What if this was wrong?

Plan

Prompts 

Prompt 1 — gap diagnosis: I'm about to 
study [topic]. Before you start, ask me 10 
diagnostic questions of varying levels of 
difficulty to identify what I know and what 
I don't. Don't give me the answers until I 
answer each one.

Prompt 2 — priority map: I have a [topic/
module] exam. Here's what I think I know 
well: [list]. Here's what I think I'm missing: 
[list]. What additional areas should I 
consider? Organize by clinical impact, not by 
frequency of exams.

Prompt 3 — pre-study questions 
(metacognition): Before you help me with 
[topic], I need to reflect. Ask me three 
questions about what I understand, what 
confuses me and what I assume I know, but 
could be wrong.
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Checklist

How do I study WITH AI, without it replacing my processing?

Generate your own summary first. Read the material. Write your summary, incomplete, 
imperfect. THEN ask AI to generate one on the same topic. The gaps between the two are your 
real study map.

Build your flashcards before you order them. Write at least five cards about the concepts that 
are most important to you. Then generate with AI. The cards that AI produces, and you didn't 
think of, are the ones you need to study the most.

Use AI as a newbie, not an oracle. Instead of asking AI to explain, do the explaining yourself. 
Prompt the tool to ask you clarifying questions when your explanation is incomplete. This is the 
cognitive mirror: where your gaps become visible.

Apply SIFT to every output you use to study:

•	 Stop. Don't copy or act right away.

•	 Investigate the claims. Verify every critical piece of data against an independent source.

•	 Find a better reference. Is there another source that says something different?

•	 Trace the logic. How did AI get from A to B? Is the step valid or only plausible?

For clinical illness scripts: build your own before consulting AI. Don't ask, “Tell me everything 
about [illness].” Ask to be evaluated after building yours.

For nursing: build your care plan before consulting AI. Write your assessment, identify priority 
nursing diagnoses, plan interventions. Then ask AI what you're missing. Same principle: you first.

Learn
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Prompts 

Prompt 4 — cognitive mirror (teaching to 
learn): You're a first-year student. I'm going 
to explain [topic]. Ask me clarifying questions 
when my explanation is incomplete, 
ambiguous or incorrect. Don't correct me 
directly, just ask.

Prompt 5 — abstract comparison: Here's 
my summary of [topic]: [your summary]. 
Generate your own summary of the same 
topic. Then point out: 1) what I included that 
you did not; 2) what you included that I did 
not; and 3) where our explanations differ.

Prompt 6 — illness script assessment: 
Here's my [disease] illness script: [your 
version with pathophysiology, epidemiology, 
specific findings, differential diagnoses, time 
course]. Evaluate if I'm missing anything 
critical in each component. Then ask 
me three questions to verify that I really 
understood the relationships between them.

Prompt 6b — plan of care evaluation 
(nursing): Here's my plan of care for [type 
of patient]: [your assessment, nursing 
diagnoses, planned interventions]. Assess 
whether I am missing any critical priorities, 
whether my interventions align with 
diagnoses, and whether there are any safety 
risks that I did not consider. Then ask me 
three questions about my clinical reasoning.

Prompt 7 — Socratic deepening (leveling 
up): I already understand the basics of 
[topic]. Now I want to get to the level of 
analysis. Don't give me new information. Ask 
me questions that force me to connect what I 
already know with clinical situations. Socratic 
style: one question at a time.
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Checklist

How do I verify that I really 
understood and not just 
recognized?

Try to explain without looking at 
anything. Before ordering MCQs or 
using any tool, close everything and try 
to explain the topic from scratch. If you 
can't, you know exactly where the gap is.

Generate YOUR answer before you see 
AI's output. When using AI for practice 
questions, write YOUR answer first, even 
if it's incorrect. The recovery effort is 
where learning happens.

Use MCQs with AI, but with caution. In 
a literature review using GPT-4, 49% of 
the MCQs generated had construction 
defects according to NBME criteria, and 
22% contained factual errors (Kiyak & 
Kononowicz 2024; n=150 items). Newer 
models can improve these figures, but 
verification is still essential.1

Apply the three levels of doubt to your 
own study:

•	 Are the facts correct? Verify against 
independent sources.

•	 Is the logic valid? Does the reasoning 
that connects facts make sense?

•	 Was my question the right one? Am I 
evaluating what really matters?

For clinical cases: think first, consult 
later. Read the story. Close AI. Generate 
your own differential. Open AI. Give it the 
case and your differential. Ask for it to be 
compared. Compare: what did you lack? 
Why didn't you consider it?

Evaluate

Prompts

Prompt 8 — adaptive MCQs: Generate 10 
multiple-choice questions on [topic] at the 
[basic/intermediate/advanced] level. Format: 
one question at a time. Do not show me the 
answer or explanation until I answer. After 
my 10 answers, give me a pattern analysis of 
my mistakes.

Prompt 9 — reasoning evaluation (not just 
facts): I'm going to give you my explanation 
of [topic/mechanism/case]. Don't tell me if 
it's right or wrong. Ask me about logic: what 
assumptions am I making? Which step of my 
reasoning is the weakest? What alternative 
did I not consider?

Prompt 10 — differential with verification 
(think first): I already have my preliminary 
differential for this case: [your list]. What 
important diagnoses might I be missing 
given this data? Explain why each addition 
is relevant. Don't rearrange my list, just 
supplement it.

Prompt 11 — red flags of understanding: 
I just finished studying [topic]. Ask me five 
questions that I can only answer well if I 
really understand the mechanism, not if I just 
memorize data. If my answer is superficial, 
point that out.
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Checklist

How do I change my method for the next cycle based on what I discovered?

Analyze patterns in your mistakes, not only what you failed, but why. After a practice session, 
spend 10 minutes identifying: did I fail because I didn't know the fact? Weak reasoning? Wrong 
assumption? The type of error determines the correction strategy.

Redesign your next cycle with data, not intuition. Don't repeat the same strategy expecting  
different results. If you failed in clinical application, don't review flashcards: practice cases. If you  
failed in basic data: go back to the material.

Recognize signs of algorithmic fatigue:

•	 You rephrased the prompt more than three times without getting what you're looking for.  
You probably don't know what you're looking for.

•	 You accept an output without reading it in its entirety because it looks good. Active  
automation bias.

•	 You're more tired after the interaction than before. Time to close the tool.

Close the loop: write a sentence about what you're going to change. Next time, I'm going to [concrete 
action] because I discovered [concrete finding]. If you can't write that sentence, you didn't close the loop.

Adjust

Prompts 

Prompt 12 — error pattern analysis: These are the 
questions I missed: [list with your incorrect answers]. 
Identify patterns: are they errors of knowledge (I didn't 
know the data), reasoning errors (I knew the data, but I 
connected it wrong), or assumptions (my approach was 
wrong)? Suggest what I should check first.

Prompt 13 — curriculum redesign: I just finished 
a course of study on [topic]. My results: [honest 
summary, what went well, what didn't]. My method was: 
[describe what you did]. What should I adjust for the 
next cycle? Give me a maximum of three concrete, non-
generic changes.

Prompt 14 — metacognitive closing reflection: Review 
my study session today on [topic]. I'm going to describe 
what I did and how it went: [description]. Evaluate: 1) 
whether my method triggered deep understanding 
or just recognition; 2) when I used AI as an extension 
versus a crutch; and 3) what specific change I should 
try in the next session.
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Maya: It's basically my method but 
without the three hours of optimization.

Kai: That's the point. If it was 
complicated, we wouldn't do it.

Maya: You speak like someone who has 
never completed a checklist.

Kai: The checklist is not the change. The 
intention is.

Dr. Flores: The checklist you have is 
a starting point, not a destination. 
The prompts are going to change. The 
tools are going to change. The models 
are going to improve and have new 
limitations. What is not going to change 
is the question that all this taught you 
to ask yourself.

Kai: Am I thinking or am I delegating?

Hussain's quick checklist: 
1. Before I open AI: what do I already know? What confuses me? (Two minutes maximum) 
2. First attempt always mine: summary, flashcards, differential. Imperfect is fine.
3. AI second. Compare, complement, challenge. Never let it replace your thinking.
4. After AI: can I explain this without looking at the screen? If not, I didn't finish. 
5. Closing the loop: one thing I'll do differently next time.

Hussain's prompting tips: 
•	 Be specific about your level: “I'm a junior studying for [rotation]” changes the output. 
•	 Ask for questions, not answers: evaluate me > explain it to me. 
•	 Ask for one thing at a time. Multi-part prompts dilute responses. 
•	 Always end with, “What did I miss?” That forces AI to complement, not repeat.

From the resident perspective:  
Hussain Hilali

Dr. Flores: That. And you don't need 
AI to answer it. You know it every time 
you open the tool and decide whether 
to think sooner or later. That decision, 
repeated a hundred times, a thousand 
times, every day of your training, is the 
difference between the professional 
who uses AI and the professional who 
depends on it.

The next chapter changes territory. 
All we talked about was how to use AI 
to learn and reason. Now comes the 
question that many avoid: where are the 
boundaries that you should not cross?

Maya: Ethics.

Dr. Flores: Ethics. Security. 
Professionalism. Where the 
consequences are not a failed exam but 
the confidence of a patient.

Resident perspective blog: safe use practices  
Using AI in medical school without letting it use you by Hussain Hilali  
Read the article↗

https://studenthub.elsevier.com/en/blog/using-ai-in-medical-school/
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Key ideas from  
this chapter

•	 The checklist is a learning system, not a 
productivity system.

•	 Prompts will change. The tools are going 
to change. What does not change is the 
question: am I thinking or am I delegating?

•	 That decision, repeated a hundred times 
every day of your training, is the difference 
between the professional who uses AI and 
the professional who depends on it.
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Chapter 9: 
FAQs, myths 
and facts

In this chapter, we will cover: 

•	 Fourteen frequently asked questions organized into three blocks:  
practical use, learning and training, ethics and future

•	 Answers anchored in the evidence of the previous chapters, not in opinion

•	 Seven common myths about AI in health, confronted with documented facts

•	 Hussain Hilali's perspective: what I wish I had known as a resident

Dr. Flores: We have come a long way. 
Limitations, how to think critically, 
clinical reasoning, self-regulation, 
checklist, ethics. Now I want you to ask 
me what you still have left.

Kai: Open office type.

Dr. Flores: Open office type. No filter.

Kai: Obviously.
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FAQ 1: Is using AI cheating?

Dr. Flores: It depends on what you did with it. If you opened AI without preparation and told 
it, “Write me a case report,” the product is not yours, even if you have edited it. If you did your 
analysis, built your outline, and used AI to polish the writing, the thought is yours.

Maya: I went through that. The grade was excellent. But I didn't know if the report was mine.

Dr. Flores: The rule is: if you can't explain every line as if you wrote it, it's not yours. And if you 
used it, declare it. Most institutions still don't have clear policies: 63% encourage the use of 
generative AI, but only 43% give detailed guidance.

Dr. Flores' bottom-line: Honestly, I think it will depend a lot on your school's rules or regulations, so 
I would recommend adhering to those.

Practical use

FAQ 2: Can I trust AI to diagnose?

Dr. Flores: AI looks for the probable. 
You look for the right thing. They are 
different things. In a triage study, 
ChatGPT Health under-triaged 52% 
of emergencies, including diabetic 
ketoacidosis.²

Kai: So, you tell it the symptoms, and it 
sends you home.

Dr. Flores: In more than half of the 
urgent cases, yes. AI can amplify false 
information instead of correcting it. It is 
not a substitute for clinical judgment. It 
complements it, if you check.
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FAQ 3: How do I cite AI in 
an academic paper?

Dr. Flores: The ICMJE 
updated its recommendations 
in 2024: AI cannot be 
an author. The human is 
responsible for all content. 
COPE says the same thing: 
mandatory transparency.³

Maya: State how you used the 
tool. In which parts, with what 
tool (e.g., Claude, ChatGPT, 
Manus). Don't hide the 
process. Check everything as 
if you had written it yourself.

FAQ 4: What do I do if my teacher bans AI?

Kai: I would have been angry before. Now I see it differently. The teacher is forcing you to fix it. 
Exactly what your brain needs.

Dr. Flores: Respect institutional policy. Screening tools have high false-positive rates and 
disproportionately affect non-native English speakers. Tasks without AI are deliberate cognitive 
training, not punishment.¹

FAQ 5: What is the difference between ChatGPT and a medical AI tool?

Dr. Flores: ChatGPT is a general model trained with the internet. An AI medical tool is trained 
with clinical data, validated for specific contexts, and regulated as a medical device. The rule: 
general to learn, specific to decide. Verify in both.4
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FAQ 6: Is AI going to replace 
doctors?

Kai: AI doesn't sit down with the patient 
at three in the morning when they're 
afraid. That is not automated.

Dr. Flores: It's not going to replace 
doctors. It will replace doctors who do 
not know how to use AI. The concept 
is the “augmented doctor:” your value 
is in the judgment, the therapeutic 
relationship, the presence. What AI 
doesn't have.⁵

FAQ 7: Can AI help me study  
for exams?

Maya: Yes, with conditions. AI raises 
questions. But if you don't make the 
effort to respond before you see the 
answer, you're training recognition, not 
knowledge.

Dr. Flores: In a literature review, 
49% of MCQs generated with GPT-4 
had construction defects, and 22% 
contained factual errors. Usable, but 
always check against your primary 
source.⁶

Learning and 
training

FAQ 8: Can AI make me a worse doctor?

Dr. Flores: Yes. There is direct evidence. Kaminski and colleagues studied 19 experienced 
endoscopists: when they were withdrawn from AI assistance, their adenoma detection rate 
dropped by 20%. From 28.4% to 22.4%.7

Kai: It's like GPS. You use it so much that you don't know how to navigate. But here, it's an 
adenoma that could be cancer.

Dr. Flores: The concept is deskilling. And for students it's worse: if they never build the skill 
without AI, they never have it. Preserving cognitive friction is not nostalgic. It's clinically 
necessary.
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FAQ 9: Can AI write my papers?

Dr. Flores: No. First, because it generates text that seems correct but contains factual errors. 
Generative AI can manufacture complete scientific summaries that evade plagiarism detection. 
Second, because scientific writing is not a product: it is the process of organizing your thinking, 
defending your arguments, confronting the weaknesses of your evidence.8

Maya: Use AI as an editor, not as an author. Your outline, your argument, your structure. AI 
polishes. But the thought has to be yours.

Dr. Flores: Right... co-create, with you as orchestrator

FAQ 10: What skills should I develop that AI can't replace?

Dr. Flores: The most human. Clinical examination. Deliberate diagnostic reasoning. Empathetic 
communication. Tolerance for uncertainty. Critical evaluation of AI outputs. Your advantage is 
not speed or memory. It's context: reading nonverbal cues, detecting that the patient minimizes 
his symptoms because he's embarrassed to talk about mental health in front of his wife.

Kai: Medicine is not information. It's the person in front of you.
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FAQ 11: Does AI have biases against certain populations?

Dr. Flores: Yes. Not by decision, but by design. AI inherits biases from your training data with 
mathematical precision. One example: in dermatology, AI achieved 69% accuracy on light skin 
and 17% on dark skin, because the training set had only 10 dark-skinned images in 100,000.⁹

Maya: Using AI without knowing this is like prescribing a drug without reading the adverse 
effects. Except that the drug has a package insert. The AI does not.

Ethics and future

FAQ 12: Should I tell the patient 
that I used AI?

Dr. Flores: The response is evolving. 
California passed a law in 2025 requiring 
notice when clinical communications 
are generated by AI, except if a doctor 
reviewed them. Europe is moving in the 
same direction.10

Maya: I didn't "use AI." But “This is how 
I came to this recommendation, and this 
is what I considered.”

Dr. Flores: That's the adult version of 
transparency.

FAQ 13: How do I know if an AI tool 
is secure with patient data?

Dr. Flores: If it's public and free, 
ChatGPT, Gemini, Claude open, DON'T 
give it patient data. Never. Once the 
data enters the tool's server, it leaves 
the hospital's control. With three pieces 
of information, age, diagnosis, zip code, 
an individual can be identified.11

Maya: AI doesn't have a “this is 
confidential” button. You are  
the button.
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Myths and facts

Myth Fact

AI is going to replace all doctors
85% of AI deployments in healthcare are 
augmentation, not replacement (McKinsey 
2025).

AI is objective
AI inherits biases from its training data, 
including documented racial and gender 
inequities.

I need to know how to program to use AI
False. Clinical literacy in AI is not technical 
literacy. You need to know how to evaluate 
outputs, not write code.

Hallucinations are rare

In one study, 1.47% hallucination rate; 
in another, > 25% of manufactured 
references. Rare depends on the context: 
in the clinic, 1% is too much.

Patients can use chatbots for medical 
advice

Patients lack clinical context to distinguish 
a correct answer from a plausible one.

All AI in health is the same
Different types of training, validation 
and regulation. An image model is not a 
chatbot, it is not a prediction system.
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Maya: It's not going to replace me. It is 
not objective. I don't need to know how 
to program. You're not going to predict 
the future. It is not reliable without 
supervision.

Kai: But it's not a toy or a fad.

Maya: It's a tool that amplifies strengths 
and biases.

Kai: The most dangerous gap is not 
technological.

Maya: It's epistemological. Believing 
that you understand AI when it’s the 
only thing you use. Or fear AI when you 
don't know anything about it.

Kai: AI proficiency is no longer optional.

Maya: It’s becoming as fundamental 
as competence in evidence-based 
medicine.

Dr. Flores: I have nothing to add. Except 
this: let's get started.

We start with two questions. Maya: 
“Am I learning or am I letting the 
machine organize for me?” Kai: “If AI 
does it right, why me?” I did not give 
you closed answers. I gave you tools 
to answer yourselves. Every day. Every 
prompt. Every clinical decision. All four 
questions are not answered once. They 
are always answered.

Kai: The questions don't change. We do.

Closing

Key ideas from  
this chapter

•	 Using AI is not cheating. But if you’re not 
able to explain every line like it's yours: 
yes, it is.

•	 AI is not going to replace doctors. It will 
replace doctors who do not know how to 
use it.

•	 The most dangerous gap is not 
technological. It's epistemological: 
believing that you understand AI when it is 
the only source you use.

•	 AI competence is already as fundamental 
as evidence-based medicine competence.
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