Introduction: Rethinking Learning in the Age of Al

What is Al, and Why Does It Matter?

Imagine having a research assistant who never sleeps, a writing coach available whenever
you need one, and a tutor who adjusts to your learning style in real time. For today’s
students, Artificial Intelligence (Al) turns that once-fantastical idea into an everyday
academic resource. But what exactly is Al, and why should it matter to you as you navigate
the complex demands of college life?

At its essence, Al describes systems built to perform functions commonly associated with
human cognition, such as reasoning, learning, language comprehension, problem-solving,
and pattern recognition. Unlike standard software, which operates through rigid instructions,
modern Al technologies are capable of learning from experience, adjusting to new inputs,
and enhancing their performance independently. This capacity for adaptive learning, rather
than simple automation, is what distinguishes Al as a transformative technology (Garibay
et al., 2023; Kaplan & Haenlein, 2019).

The idea of Al is not new. The term was coined by John McCarthy in the proposal for the
seminal Dartmouth workshop in the summer of 1956, which gathered many of the field’s
pioneers, among them Marvin Minsky, Allen Newell, and Herbert Simon, to explore
whether machines could simulate human cognition (Frankish & Ramsey, 2014). For
decades, Al remained largely conceptual, more a subject of speculation and academic
curiosity than of practical application. What changed recently is that exponential advances
in computational power, algorithmic sophistication, and the availability of vast datasets
finally caught up with the dream, turning Al from a theoretical aspiration into a practical
tool. The public release of ChatGPT in November 2022 marked a pivotal turning point:
suddenly, millions of people, including students, could access powerful language-based Al
once confined to research labs. Rather than merely automating tasks, these tools generated
original content, solved complex problems, and held fluid conversations in ways that felt
startlingly human.

Why should this matter to you as a student? Because Al is perhaps the most powerful
productivity multiplier currently available in higher education. The point is not to avoid
effort, but to rethink how and where you invest it. When Al handles the routine or
mechanical parts of your coursework, you gain the space to concentrate on higher-order
thinking: critical evaluation, creative integration, and the generation of original insights.
These are precisely the intellectual skills that serious academic work is built on, and they
grow sharper the more you exercise them. Seen this way, learning to integrate Al into your
studies is far more than a passing trend, since it has become foundational to how rigorous
work gets done. If your aim is to do your best work and think more rigorously while you do
it, using Al with intention and precision is among the most valuable abilities you can
develop in college.

This help comes in several forms, each supporting a different dimension of learning. Large
Language Models (LLMs), such as ChatGPT or Claude, assist with academic writing and



research by offering tailored explanations that clarify complex ideas. Computer vision tools
can analyze diagrams, graphs, and other visual content, making them particularly valuable
in fields that require spatial or symbolic reasoning. Recommendation algorithms help
personalize learning by suggesting resources aligned with a student’s goals, past behavior,
and knowledge gaps. Meanwhile, educational Al platforms deliver real-time feedback and
adaptive learning pathways, often identifying conceptual misunderstandings that traditional
instruction might overlook (Gkintoni et al., 2025). As Khan (2024) notes, this adaptability
brings personalized academic support to a much broader population than ever before.

A typical assignment, like a short essay or research project, illustrates how dramatically Al
can reshape academic workflows. Scholars have begun to catalog these uses in detail,
mapping where generative Al already helps across serious intellectual work, from ideation
and background reading to coding, analysis, and writing (Korinek, 2023). What might once
have taken 10 to 15 hours, including searching for sources, organizing notes, drafting, and
editing, can often be done in a fraction of that time with the right Al support. Instead of
getting bogged down in logistics, you can invest that time in refining your ideas, seeking
feedback from professors, or making interdisciplinary connections. The core intellectual
work, such as interpreting material, developing arguments, and deciding how to present
your insights, remains yours. Al changes the speed and clarity with which you can move
from raw information to meaningful understanding.

This shift in how students work is mirrored by equally rapid changes in the professional
world. In higher education, generative Al is now mainstream: a 2025 survey of UK
undergraduates found that 92% use Al tools in some form, and 88% have used generative
Al for assessed work (Freeman, 2025). In the United States, a 2025 national student survey
reported that 85% of students had used generative Al for coursework in the last year, most
commonly for brainstorming, using it as a tutor, and studying for exams (Flaherty, 2025).
The workplace is moving just as quickly. Microsoft and LinkedIn’s 2024 Work Trend
Index reports that 75% of global knowledge workers already use Al at work (Microsoft &
LinkedIn, 2024). At the organizational level, McKinsey’s 2025 global survey finds that 71%
of respondents say their organizations regularly use generative Al in at least one business
function (McKinsey & Company, 2025). Looking ahead, the World Economic Forum
reports that 86% of employers expect Al and information processing technologies to
transform their business by 2030 (World Economic Forum, 2025). These figures position
Al literacy, the ability to use Al tools effectively and responsibly while evaluating their
outputs, as a new baseline for academic and professional competence.

Al literacy is not just about using these tools often, but about understanding what they can
and cannot do, and how to work with them effectively. Over the past few years, the
“stochastic parrots” critique became a familiar shorthand for the claim that large language
models generate fluent text by learning statistical patterns from prior data rather than by
understanding in a human sense (Bender et al., 2021). You hear that label less often now,
and some researchers even argue that, by reasonable standards, we already have artificial
systems that are generally intelligent (Chen et al., 2026). Whatever one’s position in that
debate, the practical pattern has proved remarkably stable, and it is worth stating plainly
because this book is built on it. These systems are extraordinarily good at explanation,
brainstorming, synthesis, translation, and coding assistance. They are far weaker at
judgment, responsibility, originality, and deciding what is worth asking in the first place,



which is exactly the territory this book keeps in your hands. Even within that broad split,
the precise boundary between what a model handles well and what trips it up is uneven and
often counterintuitive, which is what Mollick (2024) calls the jagged frontier, and learning
to read it is part of using Al well. They also still make plain mistakes, reflect biases present
in their training data, and struggle with tasks that require real-world experience (Bauer et al.,
2025).

Crucially, the mistakes and confusions in this last category can often be managed through
better interaction design, because much of what looks like Al failure stems from vague or
poorly formulated prompts. One of the central aims of this book is to show you how to craft
precise, purposeful queries that reduce error and turn Al into a reliable learning ally. We
will refer to this disciplined way of working with a model as a harness: a set of rules,
routines, and constraints that keep the system focused, consistent, and honest about what it
does not know. Throughout the book, you will see ready-to-copy harnesses for common
tasks in research, writing, problem solving, and data work.

To see why this matters, consider a common student request: asking the model to
strengthen an argument without specifying standards, definitions, or what would count as
evidence.

Prompt: | am writing a short essay arguing that social media is destroying students’
attention spans. Give me three strong arguments and a thesis statement.

A language model might respond with something like:

Answer (ChatGPT 5.2): Social media is clearly destroying attention spans. First, it
trains the brain to expect constant novelty, making sustained focus feel
uncomfortable. Second, it fragments concentration through endless notifications and
quick content loops, which reduces deep reading and long-form thinking. Third, it
rewires students’ study habits by encouraging multitasking, which lowers
comprehension and retention. Thesis: Social media is a major driver of declining
attention because it rewards distraction, normalizes constant task-switching, and
undermines the ability to concentrate for long periods.

Nothing here is obviously absurd, and the writing is persuasive. The problem is subtler: the
model quietly adopted the premise as true and then optimized for confidence and coherence
over careful reasoning. It did not ask what “attention span” means, what population you are
talking about, whether the assignment requires empirical evidence or conceptual analysis,
or what competing explanations might matter. In other words, the output may be useful as
rhetoric, but it is not yet reliable as thinking.

Now consider a version built inside a simple harness:

Prompt: Before you answer, follow these rules: (1) Do not assume my claim is true. Treat it
as a hypothesis. (2) Define key terms before arguing. (3) Give me the strongest case for and
against, and list what evidence would distinguish them. (4) Flag any claim that is
speculative. (5) Output format: A) Definitions, B) Case for, C) Case against, D) What
would convince a skeptical reader, E) Two thesis options: one strong, one cautious.

Task: Help me turn my idea into a rigorous essay plan.



Answer (ChatGPT 5.2):

A) Definitions: By “attention span,” do you mean sustained focus on a single task,
the ability to read long texts, or resistance to distraction? By “social media,” do you
mean time spent, notification frequency, or specific platform features?

B) Case for: Social media may reduce sustained focus by rewarding rapid switching
and constant novelty, and by interrupting work through notifications.

C) Case against: Declines in focus may reflect broader factors like sleep, stress,
workload, or general smartphone use rather than social media specifically. People
may also adapt, using social media heavily while still sustaining focus in contexts
that matter.

D) What would convince a skeptical reader: Evidence that isolates social media
exposure from other factors, shows changes over time, and links specific usage
patterns to measurable attention outcomes. Also, evidence on mechanisms:
interruptions, multitasking, and habit formation.

E) Thesis options: Strong: Social media contributes to weaker sustained focus by
making distraction rewarding and interruption constant. Cautious: Certain features
of social media may undermine sustained focus for some students, but the
magnitude and causes depend on how use is measured and what alternatives are
controlled for.

The difference is not that the model suddenly “knows the truth,” but that the harness forces
stable definitions, prevents premature certainty, and turns the interaction into structured
thinking rather than confident improvisation.

Understanding how to design better prompts is only part of a broader imperative: learning
to work intelligently with Al as the tools themselves keep changing. The specific models
will turn over many times over the life of your education. What lasts is the habit of mind
you bring to them, and this book is built to develop exactly that, a sharp and flexible way of
thinking that stays alert to what makes human intelligence distinctive and where our
strengths remain uniquely valuable (Miller, 2023).

If we take the long view of human history, what has set us apart is less raw intelligence
than our ability to share knowledge and build on it across generations. Language made
cooperation possible, writing allowed ideas to endure, and the printing press accelerated
their spread. Al now continues this trajectory. While much of today’s debate focuses on
whether Al can truly think, that question may miss the deeper point. Its power lies less in
thinking for us than in transforming how we access, navigate, and make use of what
humanity already knows, amplifying our capacity to learn from one another at
unprecedented scale. In doing so, it makes knowledge more available and deepens how we
think with it. For you as a learner, the key question is how you will choose to integrate
these tools into your everyday habits so that they become a deliberate part of how you read,
write, and solve problems.

Along the way, we will also show that many students are underutilizing Al, often relying
solely on ChatGPT and missing out on a much broader ecosystem of tools. Chatbots such



as ChatGPT or Claude make a natural starting point for drafting, tutoring, and
brainstorming, yet they are only one layer of the stack. Notebook-grounded assistants like
NotebookLM help you learn directly from what you upload, turning your readings into
searchable, source-grounded notes. Literature-review assistants such as Elicit speed up
screening and synthesis by extracting key claims, methods, and evidence across many
papers at once. In technical courses, code copilots like GitHub Copilot act like a pair
programmer, helping you write, refactor, and debug faster without losing your own
understanding. And for advanced workflows, we show how to use model APIs from
providers like OpenAl, Anthropic, and Google to build small micro-tools of your own, such
as scripts that turn a folder of papers into structured notes or pipelines that tag and clean
data automatically. We also teach you how to use Claude Code as an agent, so the model
can plan and execute multi-step work inside a project while you supervise the choices and
keep control of the outcome. Across the chapters ahead, rather than chasing every new app,
you will learn a durable way of choosing the right tool and using it with precision and
purpose so it amplifies creativity, critical thinking, and disciplinary insight.

Al as a Learning Tool: Beyond Automation

Picking the right tool is only the beginning of using Al well. Many students approach Al as
a shortcut, an automated system that generates essays, solves equations, or summarizes
readings with minimal effort. Those capabilities are real, but treating automation as the
whole story underestimates what Al can do for your learning. Its deeper value shows up
when it stops completing tasks for you and starts sharpening how you think.

At this point, you might reasonably ask, Why should | change what | am already doing with
Al? If you mainly use Al to finish assignments you do not feel equipped to handle on your
own, or to save time on work that feels tedious or irrelevant, you are far from alone. Heavy
workloads, unclear expectations, and pressure to get good grades make it tempting to treat
Al as a way to “get through” school with less effort. The problem is that this shortcut
strategy quietly trades away the very thing you came to education for: durable
understanding and transferable skills. When you outsource the hard parts of an assignment
to Al, you may get a passable answer, but you learn very little, and you become dependent
on the tool in ways that are fragile when you face exams, job interviews, or real-world
decisions that still require you to understand the material and explain your reasoning.

Our position in this book is therefore straightforward: if your only goal is to pass courses
with the least possible effort, what follows is unlikely to speak to you. This book is written
for you if you want to lower the cost of learning, not just the cost of passing, and if you
care about understanding ideas more deeply, building skills you can carry beyond a single
semester, and developing a practical framework for using Al to grow your intellectual
abilities over time. Shifting from “Al as shortcut” to “Al as learning partner” does involve
transition costs, and it can feel slower at first to use Al to unpack a reading, rehearse an
explanation, or debug your own reasoning than to simply ask for the finished answer. Our
core claim is that those costs are an investment that pays off, since you can treat each
assignment as an excuse to upgrade both your understanding of the subject and your
command of Al. The same tools that could be used to bypass learning can instead be used



to make learning more efficient, more engaging, and more sustainable, which is the shift
the rest of this book is designed to help you make.

Al earns its place in education by acting as a dynamic cognitive scaffold. In educational
psychology, scaffolding refers to support structures that enable learners to accomplish tasks
they could not complete independently. Unlike static resources such as textbooks or
recorded lectures, Al can respond in real time to a student’s evolving needs, adapting the
level of support as understanding deepens. This dynamic responsiveness is supported by
research showing that intelligent tutoring systems can rival human tutors in effectiveness by
offering just-in-time cognitive scaffolding tailored to each student’s current understanding
(VanLehn, 2011). For students, this scaffolding can take many practical forms. When
grappling with a complex concept, students can engage in a kind of back-and-forth
conversation with Al, asking for clarification at different levels of depth. When tackling a
difficult problem, they can request step-by-step guidance that reveals the reasoning behind
each move, not just the final answer. When constructing an argument for an essay, they can
use Al to surface counterarguments, expose assumptions, and stress-test their logic. This
capacity to meet each learner at their level mirrors what Saetra (2025) describes as Al
functioning as a “more competent other”, a digital partner that provides real-time
scaffolding tailored to the learner’s current abilities.

This scaffolding approach aligns with a well-known framework in educational psychology
called Bloom’s Taxonomy. The taxonomy describes different levels of thinking, starting
with basic cognitive tasks such as remembering and understanding. As learners advance, it
moves from these foundations toward more complex skills, including analyzing, evaluating,
and ultimately creating new ideas (Krathwohl, 2002). One of AI’s strengths is its ability to
operate across this full cognitive range. For instance, while studying for an organic
chemistry exam, you might begin by using Al to review reactions and nomenclature,
targeting foundational recall, and then transition into dialogue about reaction mechanisms
to strengthen your conceptual grasp and analytical reasoning. Recent evidence suggests that
how students engage with Al tools, particularly when engagement is active and guided, can
promote higher-order thinking and critical reasoning (Dibek et al., 2025; Suriano et al.,
2025). The effectiveness of this approach depends on recognizing which stage of the
learning process you are in and how Al can best facilitate your progression from surface-
level knowledge to genuine mastery.

A particularly effective technique involves “teaching” a concept back to the Al. This draws
on the well-known protégé effect, which refers to the phenomenon that people learn more
effectively when they explain material to someone else (Chase et al., 2009). Articulating
your understanding, structuring your explanation, and responding to Al follow-up gquestions
can help clarify your thinking and reveal areas for improvement. Because Al provides a
patient, low-pressure environment, it becomes an ideal space for this kind of intellectual
rehearsal. This approach also supports the broader philosophy of augmented intelligence,
in which Al extends rather than supplants human thinking, freeing you to form creative
connections, weigh complex ideas, and apply knowledge in nuanced contexts.

The specific benefits of this kind of support vary by discipline:



« Computer Science: A student might use Al to debug code and work through abstract
logic problems.

* Literature: A student might explore multiple interpretations of a text with Al-generated
analyses to compare.

* Biology: A student could visualize cellular processes using Al simulations or analogies.

* Business: A student might simulate market dynamics with Al in order to test decision-
making strategies.

In each case, the value of Al lies in its adaptability, reinforcing different modes of thinking
and helping students meet the demands of diverse academic domains.

This way of working with Al is what Mollick (2024) calls co-intelligence, and it is the one
this book takes. For college students seeking to use Al as a learning partner rather than
merely a task automator, several practical strategies have proven especially effective:

 Explain-then-correct method: Explain a concept in your own words, then prompt the Al
to evaluate your explanation, highlight misconceptions, and suggest refinements. This
strategy builds on research showing that self-explanation paired with corrective feedback
deepens conceptual understanding (Chi & Wylie, 2014).

« Comparative analysis technique: Request multiple explanations or approaches to the
same problem and then analyze their differences to develop a more nuanced understanding.
Meta-analytic evidence suggests that comparing examples promotes abstraction and
transfer, particularly in STEM contexts (Alfieri et al., 2013).

» Progressive challenge strategy: Use Al to generate practice problems of increasing
difficulty as you grow more capable, creating an adaptive learning experience that mirrors
what psychologists refer to as the zone of proximal development (Vygotsky, 1978).

« Reflection prompting method: Engage in a metacognitive dialogue with Al by asking
reflective questions such as “What was most challenging about this concept?”, since
research shows that these prompts can enhance retention and conceptual integration (Davis,
2003).

Together, these approaches illustrate how Al can be used to foster deeper learning, not just
faster output.

While these strategies are highly effective, knowing how to use Al in ways that
complement rather than crowd out your essential learning processes matters just as much.
Some moments in the learning journey, such as testing your memory, reasoning through a
problem from scratch, or articulating an argument without external prompts, offer unique
cognitive benefits that strengthen retention and independent thinking. Al can still play a
valuable role in these situations, not by providing immediate answers but by enhancing
post-task reflection, offering feedback, or helping you identify patterns in your thinking.
When applied strategically, Al becomes a flexible resource that adapts to different phases
of learning, sometimes guiding you step by step, other times stepping back to let you lead.
As Salomon, Perkins, and Globerson (1991) argued, technologies like Al are most powerful



when they serve as cognitive partners that amplify human intellectual abilities rather than
replace them.

The value of Al in education lies less in reducing effort than in expanding access to more
sophisticated forms of learning, since Al is most effective when it supports learners in
operating just beyond their current capabilities and guides them into complexity. This is
particularly evident in hybrid learning environments, where Al-based feedback and
orchestration tools augment human teaching (Holstein et al., 2019), and more recent work
on augmented intelligence reinforces the idea that a human-Al collaboration enables
students to build skills they could not develop through automation alone (Cukurova, 2024).
For students navigating an increasingly intricate information landscape, this perspective
offers a compelling framework, because Al can become more than a tool for output,
working as a thinking companion that challenges your assumptions and broadens your
perspective, helping you build knowledge in ways that are more structured, more personal,
and more intellectually ambitious than would otherwise be possible.

Learning with Al: Step-by-Step Examples

To truly understand the difference between using Al passively and using it as an active
learning partner, it helps to see concrete examples. In this section, we walk through three
realistic student-Al interactions drawn from different disciplines. Each example begins with
a weak prompt (one that bypasses the learning process) and contrasts it with a stronger,
more intentional version that encourages reasoning, reflection, and deeper understanding.

Throughout this book, you will encounter dozens of strategies for improving how you
interact with Al. But these examples serve as an early roadmap. They show that learning
with Al is not about delegating the work but about framing the task in a way that keeps you
in charge of the thinking.

Example 1: Learning Through Teaching in Economics (Protégé Effect)
X Poor prompt:
Prompt: What is cross-price elasticity of demand?

Answer (ChatGPT 5.2): Cross-price elasticity of demand measures how the
quantity demanded of one good responds to a change in the price of another good. A
positive value indicates the goods are substitutes; a negative value indicates they are
complements.

This prompt results in a brief answer, but no real engagement. The student does not reflect
on the concept, and the Al does not help uncover any misunderstandings or deepen
comprehension.

/Better prompt (teaching + feedback loop):

Prompt: | am reviewing cross-price elasticity of demand and | want to make sure | really
get it. Let me try to explain it, and | would like you to tell me what | am getting wrong or
missing:



“So, cross-price elasticity is how much demand changes for a good when its price changes.
If the elasticity is high, then demand is very sensitive to price changes. For example, if the
price of Coke goes up, and people buy less Coke and more Pepsi, that means Coke and
Pepsi have a high cross-price elasticity. If they do not change their behavior much, the
elasticity is low. I think if the number is positive, the goods are complements, and if it is
negative, they are substitutes.”

Does that sound right?

Answer (ChatGPT 5.2): Thanks for sharing your explanation—you are on the right
track in trying to understand how demand reacts to price changes, but there are a
few key points to clarify:

Definition mistake: Cross-price elasticity measures how the quantity demanded of
one good changes when the price of a different good changes—not when its own
price changes. That is what distinguishes it from regular price elasticity.

Sign confusion: You have the signs reversed. A positive cross-price elasticity means
the goods are substitutes (like Coke and Pepsi), because an increase in the price of
one leads to higher demand for the other. A negative value means the goods are
complements (like printers and ink), since a price increase in one reduces demand
for the other.

Magnitude: You mention “high” elasticity, but it is important to be clear: the
absolute value tells us the strength of the relationship, while the sign tells us the
direction (substitute or complement).

Here is a revised version that might help:

“Cross-price elasticity of demand shows how the quantity demanded of one good
responds when the price of a different good changes. If the price of Coke increases
and people buy more Pepsi instead, that means Pepsi and Coke have a positive
cross-price elasticity—they are substitutes. If, instead, a price increase in one good
causes people to buy less of another (like printers and ink), the elasticity is negative,
and the goods are complements. The stronger the response, the larger the absolute
value of the elasticity.”

Want to try explaining it again in your own words, using that correction?

In this case, the first prompt casts the Al as a one-way explainer, while the student stays
passive, reading but not reasoning. The second prompt reverses that dynamic. By
attempting to explain the concept, the student activates prior knowledge and takes cognitive
ownership of the idea. The Al then acts as a responsive partner, clarifying errors and
extending understanding. This is the protégé effect in action: learning through explanation.
It not only solidifies knowledge but also brings hidden misconceptions to the surface,
where they can finally be examined and corrected.

Example 2: Progressive Challenge in Mathematics (Calculus)

X Poor prompt:



Prompt: What is the derivative of f(x) = x - In(x? + 1)?

Answer (ChatGPT 5.2): To differentiate f(x) = x - In(x? + 1), use the product
rule:

d d
fl(x) = a[x] In(x?+1) + x - y [In(x? + 1)]

dx
2x?
x2+1

=1 -In(x?+1) +x - - 2x = In(x?*+1) +

x2+1

While correct, this response hands over the final answer without ever teaching the steps or
the underlying rules that produced it, so the student walks away with a number rather than
the understanding of how to reach it.

/Better prompt (progressive challenge):

Prompt: | want to learn how to take derivatives of functions involving logarithms and
products. Start with a basic example like In(x), then gradually introduce more complexity,
including the chain rule and product rule, so I can understand how to solve f(x) = x -
In(x? + 1) on my own. Show and explain each step along the way.

Answer (ChatGPT 5.2): Absolutely! Let us build your understanding step by step.
Step 1: Start simple — derivative of In(x)

The derivative of the natural logarithm function is a basic result:

d 1
T* [In(x)] = o

This only works when the argument of the logarithm is just x. But what happens when it is
something more complex?

Step 2: Add the chain rule — derivative of In(x? + 1)
Now let us try a logarithm with a more complicated input: In(x? + 1)

Here we apply the chain rule, since the input is not just x:

d 1 d 1 2x
— [In(x* + 1)] = C— X2+ 1] = L 2x =
dx[n(x +1)] x2+1 dx[x 1l 2+l T et
TR M €))
So when you have In(g(x)), the derivative is TR

Step 3: Introduce the product rule — derivative of x - In(x? + 1)
Now we will bring everything together.
We have a function that is a product of two parts:

u=»Xx



v = In(x?+1)
To differentiate f(x) = u - v, we use the product rule:
ffx)y=u -v+u- v
We already know:
u =1

v = In(x?+1)

o = 2x
x?+1
So:
2
f'(x) =1 -In(x?*+1) tx g In(x% + 1) +

This prompt transforms a static solution into a guided learning sequence. Instead of just
seeing the answer, you build up the tools to get there yourself. It turns the Al into a tutor
that matches the pace and structure of your learning.

Example 3: Reflection Prompting in Natural Sciences (Biology)
X Poor prompt:
Prompt: What is biodiversity loss?

Answer (ChatGPT 5.2): Biodiversity loss refers to the decline in the number,
variety, and variability of living organisms in a particular environment. It can result
from habitat destruction, pollution, climate change, overexploitation of species, and
the introduction of invasive species.

This third response is factually accurate but purely descriptive, delivering information
without prompting the student to think more deeply, connect ideas, or engage with the
material beyond memorization.

< Better prompt (reflection + conceptual integration):

Prompt: | have just read a chapter on biodiversity loss. Can you help me reflect on it by:
(1) Summarizing the main drivers of biodiversity loss,

(2) Explaining how two of these drivers interact,

(3) Identifying something surprising or counterintuitive in the material, and

(4) Suggesting a question | could ask in class to spark discussion.

Answer (ChatGPT 5.2): Sure! Here is a structured reflection based on your reading:



(1) Summary of main drivers: The key drivers of biodiversity loss include habitat
destruction (e.g., deforestation, urbanization), climate change, pollution (especially
plastic and chemical runoff), overexploitation of species (through hunting, fishing,
and logging), and the spread of invasive species that outcompete native organisms.

(2) Interaction between drivers: One important interaction occurs between climate
change and invasive species. As temperatures rise, many ecosystems become more
hospitable to non-native species, which can displace native ones already stressed by
changing conditions. For example, warming waters may allow tropical fish to
invade temperate zones, disrupting food chains and altering habitats in ways that
amplify biodiversity loss.

(3) Surprising insight: A counterintuitive point is that biodiversity can sometimes
decline even in areas that appear “untouched” or protected. This is due to global
drivers like climate change or air pollution, which cross boundaries and affect
ecosystems regardless of local conservation efforts. In other words, even well-
preserved environments are not immune.

(4) Suggested discussion question: “How can conservation strategies be adapted to
address global drivers of biodiversity loss—Ilike climate change or invasive
species—that local efforts alone cannot control?”’

Let me know if you want help framing your own version of these reflections.

This prompt goes beyond asking for facts. It encourages the student to synthesize
information, identify causal relationships, reflect critically, and generate original
contributions.

Taken together, these examples show that effective prompting is not just a matter of
retrieving information but a way of shaping how you think. Whether you are explaining a
concept to learn it better by teaching it, building up from simple to complex problems, or
using Al to reflect on what you have learned, the key is to remain cognitively engaged.

Overview of the Book

These examples are an early glimpse of the way of working this book builds across every
subject. The chapters that follow are designed to guide you from the fundamentals of Al to
a level of confident, discipline-specific mastery. The chapters do not treat Al as something
hidden away beyond your reach or as a quick way around the hard parts of learning. Instead,
they build your capabilities gradually, developing technical fluency alongside the critical
judgment that tells you when a tool helps your thinking and when it stands in for it. As you
move through the material, you will grow from a curious beginner into a strategic, informed
practitioner who understands how and when to bring Al into your academic work.

Before we turn to individual chapters, it is worth being clear about what kind of book this is.
It has a specific reader in mind, the serious undergraduate or early-graduate student who
wants to use Al to become a stronger thinker, not just a faster one. There is no shortage of
guides on Al for students, most offering tool lists, prompt templates, and productivity tips.
This book takes a different position. It integrates Al into the process of formal reasoning,



into how you define terms, test assumptions, weigh competing explanations, and
distinguish what you know from what you merely believe. We assume you want substance
over tips and templates, and we show that Al, used with discipline, can make rigorous
thinking faster. In doing so, the book addresses head-on a concern many faculty rightly
share: that widespread Al use will produce more superficial students. Our argument runs in
the opposite direction. When you learn to treat Al as an intellectual sparring partner rather
than a ghostwriter, one that demands precision, surfaces hidden assumptions, and
challenges vague reasoning, the result is sharper, more rigorous work.

Across every chapter, we train a particular habit of mind: the reflexive instinct to ask What
am | missing?, Which assumption is load-bearing here?, and What changes if this condition
no longer holds? That kind of structured self-interrogation is typically the province of
graduate training, yet there is no reason it cannot begin much earlier. What we are
cultivating is metacognition, the ability to monitor, evaluate, and redirect your own
thinking, and it may be the most durable skill you develop as an undergraduate.

Sebastian Galiani has already taught university courses on this principle. In his 2026
development economics and health economics courses, he followed a rule proposed by the
economist Tyler Cowen, devoting about two thirds of a course to the subject itself and one
third to Al integrated directly into it, rather than teaching a standalone course on Al in the
abstract. His students used Al for ideation, literature review, and writing, documenting
every step from the first prompt onward, so that the aim stayed augmentation rather than
substitution. The courses also brought in coding, APIs, and agents through problem sets
tied to the course material, and used Al to work through formal models, from extensions of
growth models and moral-hazard problems to the Grossman model of health demand,
where it proved especially useful. The result convinced him that integration beats
abstraction: students learn the most when Al is folded into the discipline they are already
studying. That is the organizing conviction of this book. What follows is, in effect, that one
third, written so you can carry it into the other two thirds, whatever you are studying.

Chapter 1 explores Al for ideation and creative thinking, a natural starting point, since all
academic work begins with ideas. Whether you are formulating a research question,
brainstorming essay topics, or outlining a project, the strategies in this chapter are designed
to help you overcome initial barriers and generate richer, more original starting points. The
emphasis is on using Al to broaden your perspective, encourage exploration beyond your
first instincts, and open up new directions you might not have considered on your own.

Chapter 2 focuses on research and literature review, the intellectual foundation of academic
writing at the university level. Going beyond basic search functionality, this chapter
demonstrates how Al can help you locate relevant sources, unpack complex texts, extract
essential insights, and synthesize ideas across multiple references. The goal is to build
metaliteracy: the ability to find, assess, and integrate information with a critical
understanding of its origins, context, and credibility.

Chapter 3 addresses writing and academic productivity, often the first domain where
students begin experimenting with Al. Rather than simply generating text, this chapter
offers a structured approach to Al-assisted writing that enhances clarity, coherence, and
originality while preserving your authentic voice. You will find practical frameworks for



drafting, revising, and refining different types of academic writing, all while upholding
academic integrity throughout.

Chapter 4 deals with the use of Al in mathematics and statistical reasoning. From algebra
and calculus to applied statistics, Al can guide students through step-by-step solutions,
clarify abstract concepts, and support the interpretation of data and models. The chapter
shows how working through problems with Al sharpens the analytical thinking that
students need to tackle quantitative questions on their own, so that the reasoning behind
each method, and not just the answer, becomes something they can carry forward.

Chapter 5 builds on these foundations by exploring Al in coding and computational
thinking. From writing your first lines of code to debugging complex programs, this chapter
illustrates how Al can walk you through syntax, logic, and optimization. It also covers
agentic and no-code workflows, extending programming’s reach to any discipline whose
work now demands it.

Chapter 6 dives into Al in data analysis and visualization. It introduces tools that simplify
statistical analysis, automate data cleaning, and generate informative visualizations, all
essential for research projects across disciplines. Whether you are conducting a lab
experiment or analyzing survey results, Al can make data work faster and more transparent,
while the analytical judgment, what to look at and whether to trust it, stays with you.

Chapter 7 marks a shift in emphasis. From here, rather than simply applying Al to new
subject areas, the applied chapters ask you to reason through formal models, interpret
equilibrium conditions, stress-test assumptions, and connect theory to evidence. This
chapter brings that discipline to economics, where Al becomes a partner in asking the
questions that sharpen analysis: What is really driving this result? Is a linear approximation
concealing nonlinearity that matters? What happens to the equilibrium if conditions change?
Does the evidence support the conclusion, or merely decorate it?

Chapter 8 extends the same rigor to finance and business strategy, where decisions hinge on
equilibrium reasoning, risk assessment, and the careful interpretation of economic models.
Across these two applied chapters, the emphasis falls on developing judgment: knowing
when a model’s output deserves trust and when it demands scrutiny.

Chapter 9 closes with a forward-looking discussion of Al and the future of learning. As Al
becomes more deeply embedded in education and work, this chapter sets out the
competencies you will need to stay adaptable, critically engaged, and ethically grounded. It
also offers a roadmap for weaving Al through your academic and professional life, so that
the tools you reach for now become lasting skills.

For readers who want to go further, an appendix tells the story behind the machine. It traces
Al from a centuries-old philosophical question through the decades when the field
promised more than it could deliver, explains in plain language how modern systems work,
from embeddings and attention to training and scaling, and closes by asking what this
technology means when set beside writing and print, the older inventions that changed how
humans think.



The book is designed to be both comprehensive and flexible. Reading it sequentially offers
the most structured progression from foundational concepts to advanced applications.
However, each chapter also functions independently, allowing you to focus on the topics
most relevant to your current academic needs. If you are refining your research methods,
Chapter 2 is a natural starting point. If you are exploring Al for programming, Chapter 5
offers a focused introduction.

Throughout the book, several key principles shape our approach to Al-enhanced learning
and productivity. The first is augmentation, not replacement, the practice of using Al to
build on your abilities instead of skipping the learning processes that matter most. This
reflects a core theme in Al literacy research, which emphasizes the importance of viewing
Al as a partner that strengthens and extends what you can already do rather than a tool that
automates thinking (Long & Magerko, 2020). The second principle is appropriate
automation, which involves making thoughtful decisions about when to rely on Al and
when to engage directly. Understanding what should be automated, and what should not, is
a core component of Al literacy, since it demands both technical knowledge and
metacognitive skills. The third principle is ethical Al literacy, which stresses the
importance of recognizing the limitations, biases, and potential harms of Al tools. As these
systems become increasingly embedded in both education and work, being able to use them
responsibly matters just as much as knowing how they function.

The fourth principle is the one we most want you to carry out of this book: intellectual
ownership. Whatever you produce with Al at your side, you should be able to explain why
you asked what you asked, why you trust the answer you accepted, which parts of the work
are yours, and which parts came from the model. More than an integrity rule, it is the test of
whether you are still the author of your own thinking, and the standard behind every
harness, verification habit, and workflow in the chapters ahead. Viewed as a whole, these
four principles add up to something sturdier than technical proficiency, a foundation for
independent judgment and personal agency.

Ultimately, this book aims to build long-term adaptability, because the tools you use today
will keep changing while the judgment behind them endures. As these systems become
embedded throughout our world in the same way that computers are today (Wooldridge,
2021), knowing how to operate them will matter far less than knowing what to ask of them.
By the end you will hold a working framework for deciding when and how to turn to Al,
and how to harness it without surrendering your own voice, your integrity, and your
independence of mind. That is what you carry forward, whatever you go on to study or do.

The argument we have made so far is pedagogical: how to use Al to deepen your thinking
and make your learning more rigorous. But the stakes extend beyond the classroom. In the
following essay, Sebastian Galiani places the question of Al in education within a broader
frame, one that asks how we learn and, beyond that, what kind of society we are choosing
to build. His argument is that engaging seriously with Al is not merely an academic
strategy but a civic responsibility.



Extra Insight: Al on Our Side — A Humanist Path
Between Huxley and Orwell

by Sebastian Galiani, published on Substack on September 9, 2025.

Al is forcing us into a choice: Huxley’s paradise of distraction, Orwell’s cage of surveillance,
or something harder—a humanist middle path. The danger isn’t just what Al might do to us.
It’s what our reactions to it might turn us into.

Apocalyptics versus Integrated

Artificial Intelligence has arrived as a new general-purpose technology—a transformative force
akin to the internet, capable of reshaping production, education, communication, and, more
profoundly, humans themselves. Al is not just changing what we do; it is beginning to
influence how we think, relate, remember, decide, and create—and even what it means to know
or to be. As with every major leap, we do not yet grasp its full costs and benefits. In that
uncertainty, reactions polarize.

In a classic essay on mass culture, Apocalyptic and Integrated (1964), Umberto Eco argued that
cultural innovations split audiences into two camps: the apocalyptics, who read each novelty as
a harbinger of ruin, and the integrated, who embrace it as unambiguous progress. Al has
provoked both. On one side, dystopian warnings evoke mass unemployment, algorithmic
control, and the collapse of human agency. On the other, optimism imagines the ultimate
assistant—curing disease, addressing climate change, democratizing knowledge, and unlocking
new forms of human flourishing.

Between these poles lies a simple truth: we do not yet know. Uncertainty is not an excuse for
paralysis; it is a reason for open eyes, careful experiments, and humility about what can—and
cannot—be predicted.

Huxley and Orwell: The Apocalyptic Trap

The twentieth century gave us two durable dystopias. In 1984, George Orwell imagined fear,
surveillance, censorship, and brutal repression. In Brave New World, Aldous Huxley warned of
a softer tyranny—one that pacifies through pleasure, numbs with entertainment, and sedates
with pharmacological ease.

Many contend the Huxleyan drift is already with us. Long before Al, digital platforms were
reshaping habits—delivering endless entertainment, dopamine-triggering notifications, and
algorithmically curated comfort. Generative Al is making these systems more personalized,
persuasive, and addictive.

Fearing this, today’s apocalyptics argue for retreat: halt or severely restrict Al to contain the
harm. But that move risks accelerating the other dystopia—Orwell’s.

Directly, because stringent control of Al in liberal societies invites intrusive enforcement:
monitoring usage, tracing content, policing algorithms. In fleeing Huxley’s seductions, we
empower Orwellian mechanisms at home.

Indirectly, because stepping back weakens open societies vis-a-vis authoritarian regimes—
China, Russia, Iran—that are already using Al to tighten repression and project power. Their



surveillance infrastructures—CCTV networks, biometric tracking, internet controls—are being
supercharged by Al: real-time facial recognition, predictive policing, automated censorship.
What was once speculative is increasingly operational.

To reject Al may feel principled. But ceding the field abandons the tools needed to defend our
values and risks being outpaced by those who would impose theirs. That is the paradox of
apocalyptic thinking: in fleeing one dystopia, we may hasten the other—either by fortifying
domestic control or by enabling authoritarian dominance abroad. If flight from Huxley risks
feeding Orwell, the answer is neither panic nor surrender, but engagement.

Al on Our Side

The way forward is to engage Al—on our terms. We need a political, educational, and cultural
project that turns Al into a tool for liberation rather than sedation. Al literacy—the ability to
use, question, verify, and govern Al under human judgment—is the foundation.

This means building systems that:

Empower the mind rather than replace it.
Amplify curiosity, reasoning, and debate.
Encourage reading, reflection, and resistance.

| explain this further in a short video for students.

Imagine medicine: a rural doctor using Al to scan chest X-rays for signs of tuberculosis — not
as a final word, but as an early warning that guides treatment. Or a teenager in a small town
using Al to draft a college essay, not to plagiarize but to overcome writer’s block — then
revising, refining, making it their own. In both cases the machine extends human capacity, but
the judgment, the care, the creativity remains human. That is “Al on our side.”

Shaping What Al Learns

We must also shape what Al learns from us. As | argued in an earlier essay, the knowledge we
feed into Al will determine what it can give back. If trained on shallow impulses, it will echo
them; if trained on the best of our human inheritance, it can help us think more clearly and live
more freely.

A Civilizational Choice

This is not a technical problem alone. It is a civilizational choice. We must:
Lead in Al development.

Anchor it in humanist values.

Ensure it serves democracy, dignity, and depth.

The stakes are immense. On one side, Huxley’s consumer paradise. On the other, Orwell’s
surveillance nightmare. In the middle, a narrow window of opportunity—to use Al not to
dominate or distract, but to elevate.

Conclusion: Staying Human



We do not need to become post-human. But we must become more human—more conscious,
more thoughtful, more free.

The stakes are immense. Give in to Huxley and we are entertained into passivity. Flee toward
Orwell and we build cages in the name of protection. The only real alternative is to put Al on
our side: to use it not to dominate or distract, but to elevate. That is not just a technical problem.
It is a civilizational choice.
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