. Code Smarter, Not Harder:
'f Unlocking AlI-Assisted Coding

!\ Coffee, Cookies, and Coding (C3) Workshop by the Public
ter Health Data Science and Data Equity team

%
i Shelby Golden, M.S.
March 23rd, 2026



Shelby Golden
Sticky Note
These workshops are organized by the Public Health Data Science and Data Equity team.
 
They are primarily intended to help master's-level Public Health and Biostatistics students develop essential Data Science skills for their education and professional careers. However, we encourage anyone in the Yale community or beyond to attend and benefit from our workshop materials if they are interested. 
 
We would love to hear from you about the topics important to your work that you would like to see covered in a workshop. You are welcome to reach out to us directly or submit a request on our YSPH webpage.


Shelby Golden, M.S.

i !

 Worked 7 years as a Molecular
Biologist and Biochemist.

 Received a Mastersin Applied
Computational Mathematics from
Johns Hopkins University in 2024.
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https://github.com/sgolde13
https://www.linkedin.com/in/shelby-golden/
https://outlook.office.com/book/BigDataSummerImmersionatYaleBDSYOfficeHours@yale.edu/?ismsaljsauthenabled
mailto:shelby.golden@yale.edu?subject=%5BTutorial%2520Inquiry%5D%2520%253cplace%2520holder%253e

01 Foundational Al Literacy: Explain
Al's evolution, distinguish system
types, and define Al (~ 30 minutes)

Y
Today’s
o 02 | earn the tool landscape,
Learnlng prompting best practices, and

common pitfalls (~ 15 minutes)

Objectives

03 Replicate a paper using NHANES
using different Al tools, practicing
prompting and debugging(~ 15
minutes)
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Shelby Golden
Sticky Note
Today we'll cover core AI concepts from a non-computer science perspective. This is intended give you enough understanding to use AI effectively and accurately in your own coding work. We'll then practice AI-assisted coding with two types of AI: chatbox's and a native IDE coding assistant.


Our Choice Resources

« Al atYale

* Yale's Data-Intensive Social Science Center (DISSC) "Artificial
Intelligence and Machine Learning for Social Science Research” page
for events and content lead by Nick Warren

» Artificial Intelligence Basics: A Non-Technical Introduction by Tom Taulli

 The Cambridge Handbook of Artificial Intelligence edited by Keith
Frankish and William M. Ramsey

 "What is aneural network?”, ... machine learning?’, "... generative Al?",
"...large lanquage models (LLMs)?" from IBM

 "What is Good Old-Fashioned Al?" by Harpreet Singh Kalsi
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https://ai.yale.edu/
https://ai.yale.edu/
https://dissc.yale.edu/dissc-programs/artificial-intelligence-and-machine-learning
https://dissc.yale.edu/dissc-programs/artificial-intelligence-and-machine-learning
https://dissc.yale.edu/profile/nicholas-warren
https://link.springer.com/book/10.1007/978-1-4842-5028-0
https://link.springer.com/book/10.1007/978-1-4842-5028-0
https://link.springer.com/book/10.1007/978-1-4842-5028-0
https://link.springer.com/book/10.1007/978-1-4842-5028-0
https://www.linkedin.com/in/tomtaulli/?profileId=ACoAAAABLJ4BMM_RzZgfeQAZk_23snolJPtKNoU
https://www.cambridge.org/core/books/cambridge-handbook-of-artificial-intelligence/3DCB2E04739722A99EDE86B7A34A30E3#fndtn-information
https://www.cambridge.org/core/books/cambridge-handbook-of-artificial-intelligence/3DCB2E04739722A99EDE86B7A34A30E3#fndtn-information
https://www.cambridge.org/core/books/cambridge-handbook-of-artificial-intelligence/3DCB2E04739722A99EDE86B7A34A30E3#fndtn-information
https://www.keithfrankish.com/
https://www.keithfrankish.com/
https://www.unlv.edu/people/william-ramsey
https://www.ibm.com/think/topics/neural-networks
https://www.ibm.com/think/topics/neural-networks
https://www.ibm.com/think/topics/machine-learning
https://www.ibm.com/think/topics/generative-ai
https://www.ibm.com/think/topics/large-language-models
https://medium.com/@harrpreet/what-is-good-old-fashioned-ai-59ff4a4719ce
https://medium.com/@harrpreet/what-is-good-old-fashioned-ai-59ff4a4719ce
https://medium.com/@harrpreet/what-is-good-old-fashioned-ai-59ff4a4719ce
https://medium.com/@harrpreet/what-is-good-old-fashioned-ai-59ff4a4719ce
https://medium.com/@harrpreet/about
Shelby Golden
Sticky Note
There are two parts to this lecture today: review of AI literacy and application for AI-assisted coding. These resources are chosen to support your journey developing AI literacy.


Accessing the Codespaces

We have prepared a script outline (with solutions) for the workshop’s hands-on component. To use these materials,
download the codebase and complete the setup steps listed below. Participants will also need access to an LLM
chatbot and the ability to configure an IDE-based Al assistant with a provider.

If you haven't already, please ensure you have a current installation of R and the new Positron Integrated
Development Environment (IDE) , a VS Code-based text editor developed by the same team behind Posit (formerly
RStudio) . If this is your first time installing Positron or configuring the Al assistant, you will need to complete a
few setup steps:

1. OPTIONAL: Log into your GitHub account through the Positron Accounts tab

2. Enable the “Positron Assistant,” the IDE’s integrated Al coding assistant

3. Connect the “Positron Assistant” to a provider of your choice (e.g., Anthropic, Amazon Bedrock, GitHub
Copilot)

Below are the full steps for configuring Positron with GitHub Copilot as your Al assistant. You are welcome to use
any other supported provider, and for setup instructions for other compatible providers, refer to the Positron
Getting Started page. We recommend using GitHub Copilot as your provider, as it offers a free standard tier, a 30-
day Pro trial, and free Pro access for qualifying faculty and students.

To access the code for this workshop, you will need Git installed on your local device, a GitHub account, and both
configured. If you have not set this up yet, please follow the instructions in Configurations and Credentials first.

(Y Attribution and Ownership

Please note that all materials provided in this workshop, including any code added to your personal repository, belongs to
DSDE. When using or referencing this material, please ensure to cite it correctly to give proper credit to the original
authors.

(D Settings Used in Development

B Yale scHOOL OF PUBLIC HEALTH
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Al Assisted Coding Worked-Through Example

The Art of Shrewd Al-Assisted Programming

A common academic use case for Al-assisted coding is replicating published research. Some papers come with
ready-to-run code that's easy to pick up, while others leave you hunting for clues without any code at all. A
complete A-Z replication would take more time than we have in this workshop, but the provided example shows
how Al-assisted coding can help you expedite your replication process.

Undoubtedly, integrating Al into your workflows can quicken your process, but it also has the potential to create
new headaches or amplify problems that arise when quality checks are skipped. As a data scientist or analyst, it's
essential to always scrutinize your data processing and cleaning methods to ensure accurate data preparation. For
example, check that nomenclature is informative and consistent, confirm that NAs aren't standing in for zeros (or
vice versa), and verify that subsetting, grouping, or processing are performed in the right order to produce your
expected outcome.

An Al is not going to be much help for you in this area—at least not reliably. You cannot expect it to completely or
correctly identify all the data wrangling needed for a dataset, especially if your starting raw data is messy! Be
especially careful when it suggests code that runs perfectly but doesn't actually do what you need. It may even
produce results that kind of look right, but after further quality checking, you might discover it missed or
miscalculated something important.

The shrewd Al-assisted coder knows how to leverage Al's strengths while catching its inevitable mistakes; remeber
you are the brains of the operation, not the Al. Whether you're coding with Al assistance or doing it alone, always
take time to thoroughly review your data, prepare it into a complete tidy format, and run quality checks to verify
your assumptions and calculations.

If you would like guidance on how to best prepare your data into a complete tidy format, review concepts of data
wrangling, tidy data structures, and best practices for data inclusion and exclusion in our “Introduction to
Programming in R and Data Wrangling with tidyverse " workshop.



Shelby Golden
Sticky Note
To fully participate in the coding portion of this workshop, you will need to download our preprepared example and have the Positron IDE installed. Please make sure you do this in preparation for the second half of the session. Details are on the Book of Workshops webpage.


“AT 1s often

thought of as a
black box, ELTELETIE &

Examination of Biotechne:
Does Al think, or only imitate human thought?
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Sticky Note
How people choose to define AI literacy varies. Here, we define it to mean being able to critically evaluate AI, collaborate with it effectively, and use it confidently in daily life and work tasks.
 
Yet there's widespread misunderstanding about this technology—not just the mathematics and computer science behind it, but also the basics: 
-       What is AI designed to do? 
-       What are its limitations? 
-       Are all AI systems effectively the same?
-       How long has this idea been around?
 
One response from a survey of Czech university students well encapsulated the problem. “AI is often thought of as a black box, and so am I.” Their response shows how AI concepts extend beyond technical knowledge into deeper philosophical questions about building intelligent systems.
 
As with anything, today's AI is shaped by its past. In this next section, I'll walk you through the long (and short) history of artificial intelligence. This isn't merely a timeline of prototypes and figures—though seminal actors are discussed. This context explains the field's current state and its terminology. We will also see why we are only now poised to deliver on some promises of the past, which have required breakthroughs that only recently have emerged.
 
Through this review, you'll see that AI is surprisingly a story about our deepest fears, hopes, and fundamental lack of understanding of ourselves. I know that sounds trite, but bear with me. Hold onto this thought: "AI is a black box, and so am I."


“Imagination is the spirit that unites myth and
science.” - Professor Adrienne Mayor
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Gods and Robots: Myths, Machines, and Ancient Dreams of Technology
Figure 9.5 by Professor Adrienne Mayor. Accessed March 15, 2026. Matthew Teevan. Accessed March 15t, 2026.
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https://www.matteline.com/blog-talos-ray-harryhausen-and-the-argonauts
https://www.matteline.com/blog-talos-ray-harryhausen-and-the-argonauts
https://www.matteline.com/blog-talos-ray-harryhausen-and-the-argonauts
https://classics.stanford.edu/publications/gods-and-robots-myths-machines-and-ancient-dreams-technology
Shelby Golden
Sticky Note
The idea of self-thinking and learning artificial creations is an ancient one.
 
Greek myths feature Hephaestus, the god of fire and craft, creating autonomous and self-thinking beings like the bronze giant Talos and his golden assistants. In Hesiod's Theogony, Pandora herself was originally an artificial woman built by Hephaestus to punish humanity at the behest of Zeus. Buddhist legends from 4th-3rd century BCE in northern India described robotic armies created to guard and protect Buddha's relics.
 
These weren’t always just stories. Ancient mathematicians and scientists attempted to build automata that were inspired by these mythologies, despite their contemporary technical limitations.
 
For much of human history, it was common belief that life came from divine power or through alchemical mysticism. But René Descartes, a mathematician, scientist, and “natural philosopher" in the 17th century, diverged from his contemporaries marking a dramatic shift. He asserted the human body was merely a machine, but the soul remained immaterial and the only source of creative thinking.


“The story of Al is an exhilarating saga.., yet it is also
the story of a slow but steady acquisition of knowledge
about how humans think.” — Daniel Crevier

Vaucanson's three automata from Kat
Eschner of the Smithsonian Magazine.
Accessed March 16'™, 2026. Vaucanson 1737 Life-Sized

Mechanical Flutist from Yulia

Berry, DMA in the Flute Almanac.
Accessed March 16, 2026.

E 2 .
Maillardet’s 19th Century Writing Automata by
Matthew Teevan. Accessed March 15t, 2026.
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https://science.howstuffworks.com/maillardets-automaton.htm
https://www.smithsonianmag.com/smart-news/eighteenth-century-robot-actually-used-breathing-play-flute-180962214/
https://flutealmanac.com/mechanical-flutists-history-automaton-musicians/
https://flutealmanac.com/mechanical-flutists-history-automaton-musicians/
https://flutealmanac.com/mechanical-flutists-history-automaton-musicians/
https://flutealmanac.com/mechanical-flutists-history-automaton-musicians/
Shelby Golden
Sticky Note
The 18th and 19th centuries saw an explosion of secularized thought during the Enlightenment and First Industrial Revolution. Materialists like Julien Offray de La Mettrie now argued the soul too was the product of bodily machinery. This radical materialist paradigm led to belief that science alone could replicate intelligent life through physics. Yet inventors like Jacques de Vaucanson and Wolfgang von Kempelen maintained they must mimic their natural counterpart in order to work.
 
Consider these two attempts at replicating creative expression, a contemporary indicator of human intelligence. On the left are Vaucanson's three automata, including the flutist, which mimicked breathing at varying strengths and finger movements. On the right is Swiss clockmaker Henri Maillardet's writing automaton which could draw four pictures and write three poems in two languages. It had one of the largest working memories of its time—a core ingredient necessary for artificial intelligent systems.
 
As it was for the ancients, technology and science were still limiting but it foreshadows modern debates in phenomenology (the study of consciousness), cognitive science, and neuromorphic computing. These advances also inspired a new genera of literature, science fiction, some of which resonates today and even seems prescient. Authors would imagine how artificially living mechanisms, human replicas, and machine augmentation might reshape work and creativity. Classically, they often portrayed the scientists and innovators overambition as an inevitably destructive hubris.


® Yale scHOOL OF PUBLIC HEALTH
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Computer and Biological Brain Video by Oleg
Gamulinskii from Pixabay. Accessed March
16t, 2026.



https://science.howstuffworks.com/maillardets-automaton.htm
https://pixabay.com/users/gam-ol-2829280/?utm_source=link-attribution&utm_medium=referral&utm_campaign=video&utm_content=25196
https://pixabay.com/users/gam-ol-2829280/?utm_source=link-attribution&utm_medium=referral&utm_campaign=video&utm_content=25196
Shelby Golden
Sticky Note
These histories and stories reveal how old and persistent the idea of some form of artificial begetting of life and intelligence really is.
 
They expose deep human desires: perfection, relief from rote work, reliable and infallible assistants, unquestioning and acquiescent servitude, and absolute control. They lay bare our fears: creations turning against their creators, running amok, or getting monopolized by the powerful few. They explore moral and societal consequences and ask what happens if machines become indistinguishable from humans.
 
These are themes recognizable in modern AI discourse. As we’ll see, true artificial intelligence remains elusive—an unrealized aspiration, if realizable at all. With new technologies and theories, shortcomings stem less from technical limits than from misunderstanding of ourselves: the origins of consciousness, creativity, and thought.


“I sometimes wonder whether robots were invented
to answer philosophers’ questions” — TIK-TOK

finite state
machine

- read/write head
< VT r T W —————— y T T P :>

left/right mover

/' / \ J
Y
infinite tape cells finite alphabet

Figure 1: Computational model of a Turing Machine
Sarkar et al. 2020. Accessed March 15, 2026.
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https://en.wikipedia.org/wiki/Alan_Turing
https://www.researchgate.net/figure/Computational-model-of-a-Turing-machine_fig1_341817215
Shelby Golden
Sticky Note
First: no, this quote is not from the social media app. It's from John Sladek's 1983 novel Tik-Tok, about an evil robot.
 
Mathematician and computer scientist, Alan Turing, is credited as the father of computer science and of its subfield artificial intelligence. His various contributions were indeed transformative in many respects. Relevant to this lecture is the central role he played in forging a path from previous centuries' work on automata to our current computing epoch.
 
Because of how seminal Turing's contributions have been, this slide is dedicated entirely to two major publications of his.
 
In the 1930s, Turing's "On Computable Numbers" addressed the last of David Hilbert's three questions: Is mathematics complete, consistent, and decidable? To answer this, he invented the hypothetical "Turing machine," capable of solving any computable problem and expressing solutions as symbols. The thought experiment envisaged a machine mimicking human calculation, recording results on an infinite tape of memory, one square at a time. This paper laid the theoretical foundations of computers, which were realized in the decade following its publication.
 
…


“I sometimes wonder whether robots were invented
to answer philosophers’ questions” — TIK-TOK

The "standard interpretation” of the Turing test from
Wikipedia. Accessed March 15t, 2026.
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. . Alan Turing in 1951 from Wikipedia.
Data Science and Data Equity Accessed March 16t 2026.



https://en.wikipedia.org/wiki/Alan_Turing
https://en.wikipedia.org/wiki/Turing_test
Shelby Golden
Sticky Note
…
 
In 1950, he published another seminal paper, "Computing Machinery and Intelligence.” This philosophical thought experiment proposed a test for machine intelligence called the “Imitation Game.” His proposal, now called the “Turing Test,” has an interrogator question two subjects to determine their identities—one helps the interrogator while the other attempts to misdirect them. To demonstrate the test's validity, he addresses numerous possible objections, including Descartes' view of the soul, consciousness through creative expression, neurological and extrasensory abilities, capacity to learn, and others.
 
Collectively, these publications laid the groundwork for advanced computer systems and shaped modern AI discourse. Though some of his ideas, such as the “Turing Test,” are not used today or are now obsolete, their foundational role keeps them frequently referenced.


“... we humans are not very good at identifying the
heuristics we ourselves use.” — John McCarthy, 2006
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The IBM 70T's Electronic Analytic Control Unit from

IBM. Accessed March 16, 2026.
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= Yale SCHOOL OF PUBLIC HEALTH Feedforward vs Backpropagation Artificial ~ Flow Chart Icon by Pause08 on Flaticon.
Neural Network (ANN) from SaffronEdge. Accessed March 16, 2026.
Accessed March 16, 2026.
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https://www.ibm.com/history/700
https://www.linkedin.com/pulse/feedforward-vs-backpropagation-ann-saffronedge1/
https://www.linkedin.com/pulse/feedforward-vs-backpropagation-ann-saffronedge1/
https://www.flaticon.com/free-icon/flow-chart_858164
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Sticky Note
Turing’s era came to be known as the “Golden Age” of AI. Researchers received significant government investment due to the Apollo space program and Cold War. Computers were also becoming more efficient, transitioning from vacuum tubes to integrated circuits that were faster and held more memory. 
 
Another major founder of AI during this period is the computer scientist and mathematician John McCarthy. In the 1956 he organized a ten-week project on "artificial intelligence"—likely the term's first use in the modern sense. Its premise: intelligence can be precisely described so machines can simulate it, using language, forming abstract concepts, and solving complex problems. The conference produced one of the first attempts at an AI computers, the Logic Theorist, an IBM 701. Despite drawing attendance from top player in the field and theoretical promise, the conference disappointed and drew criticism of the term "artificial intelligence.”
 
Also, during this time, there arose two major theories that split the field: 
-       One camp favored traditional computer logic (if-then-else statements), called Good Old-Fashioned AI (GOFAI)—easier to understand but challenging to manage at scale. 
-       The other sought to emulate the brain's neural networks—better suited to real-world complexity and unsupervised updating but can difficult to explain or adjudicate.
 
Contributors to the field were ambitious and confident they could advance rapidly, and many began to promise the moon.
 
***[[Give the handout about the news article]]
 
This is a news clipping published during this period. I’m going to give you each 2 minutes to read and discuss with your neighbors, then we’ll come back together to discuss.
 
***[[Have people list what Dr. Rosenblatt failed to do]]
 
As a result, neural networks attracted heavy criticism, and the field largely abandoned them—though researchers like Geoffrey Hinton persisted. Undelivered promises and subpar results eroded enthusiasm and pushed the field to the fringes—some dismissed it as not science at all. Government funding also dried up due to unfulfilled, expensive DOD contracts and societal economic turmoil. By the mid-1970s, this decline ushered in a period referred to as the "AI Winters.”
 
During the winters, many scientists abandoned AI and those who stayed rebranded their work to machine learning, pattern recognition, or informatics. In the 80s there was a brief interest in “expert systems,” a type of Good Old-Fashioned AI computers. These enjoyed brief success but failed due to narrow expertise, dependence on regular manual updates, and by how unmanageable they are at scale.
 
Quietly, researchers advanced AI theory, yielding breakthroughs like backpropagation and recurrent neural networks (RNNs) enabling new features like layer-to-layer connections. This foundation prepared the field for another major resurgence in the early 2000s that coincided with more technical advances.


Big Data

Expansion from
traditional, structured
data, to other forms:
images, free text,
audio, spatial.

The V’'s: volume,
velocity, variety,
veracity, and value.

Scaled Infrastructure

Data processing and
storage systems
needed at scale to
support a World Wide
Web.

Transition to
personalized and
portable devices
driven by market
demand.

Graphics Processing
Units (GPU)

Primarily designed for
Image processing.

Can perform complex
mathematical
calculations faster.

Hundreds or
thousands of cores,
enabling rapid parallel
processing.
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Sticky Note
The 20th century exposed a fatal flaw in many scientists' thinking: the failure to distinguish between potential and tractability. Even as technology advanced and discoveries mounted, we confronted a humbling reality—we knew less than we believed, and the scope of the unknown was greater than we'd imagined.
 
To take the next step in AI, we needed more data—and the ability to store, distribute, and process it faster than ever before. 
 
The turn of the 21st century brought the Dotcom Boom and internet commercialization. It also saw massive investment in technologies enabling rapid digitization of all kinds of data: not just traditional tabular data, but images, free text, audio, and spatial information.
 
Keeping up with private investment and consumer demand required building infrastructure for an increasingly connected and digitized world.  Meanwhile, as computers became more personal and portable, this sparked rapid advances in microprocessors, compatible software, and user interface design. 
 
With the volume and velocity of data being generated, faster processing became essential. Graphics Processing Units (GPUs), the next evolution beyond Central Processing Units (CPUs), and were initially designed for image processing. However, their greater number of processing cores and memory also made them ideal for complex mathematical calculations—a capability that proved essential for AI and machine learning development.
 
These three changes to the tech landscape provided the feed of information needed to test and train AI models, along with efficient infrastructure that allowed more data to be housed and processed concurrently.


A Field Guide to
Al Typologies and Systems
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Sticky Note
We've covered a lot of AI history. Here are the essential takeaways:
-       Artificial intelligence as a concept has ancient roots in mythology and philosophy.
-       Modern "artificial intelligence” promises more than the contemporary technology can support; true intelligence has not been achieved, and it’s not clear if ever will be.
-       Limitations have shifted from technological constraints to fundamental questions about the nature of intelligence, consciousness, and creative thinking.
-       Diverse approaches to AI development have produced a rich landscape of systems with distinct capabilities and use cases.
 
Let's break down the AI landscape. While sources differ in how they classify AI systems and the field is evolving rapidly, this framework will give you a practical starting point for understanding what's out there.


6

‘... to hear is not the same thing as to listen, to take
pictures is not the same thing as to see.” — Fei-Fei Li

55
=
=
=
<

Type 1
Weak AI (Narrow AD memony” or -eerning: capacity. .o, GOFA
Trained for specific tasks. May have ) 2 AR S .
limited “memory” and “learning” capacity. Type 11
Strong Al (General Intelligence AGI) Limited “memory” and “learning” capacity,

I.e. Neural Networks/Deep Learning.
Limited human intelligence: learning, AND - 7 b —EdTio

reasoning, self-aware.

Type III

Limited human intelligence: anticipates
others' expectations and desires.

Super Al

Possess human intelligence (creativity and
beliefs)and new cognitive abilities.

Type IV

L Possess human intelligence: self-aware.
Yale SCHOOL OF PUBLIC HEALTH
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Sticky Note
AI systems can be classified in two ways: by category (“weak”, “strong”, or “super” AI) and by type (Types I-IV). These categories overlap somewhat and are occasionally used interchangeably.
 
Types I and II both fall under “weak” AI and can be seen as subtypes within that classification. However, the alignment breaks down between “strong” and “super” AI with Types III and IV AI. The distinctions between “strong” and “super” AI might even suggest we need a fifth type to capture what "super" AI represents.
 
All existing AI technology qualifies as “weak AI” and falls within Type I or Type II classifications. “Strong” and “super” AI remain theoretical constructs, with no field consensus on whether they're even achievable. Recall from the short history that Type II systems now dominate the market due to their flexibility, capacity for natural user interaction, and ability to update based on recent input.
 
You’ll notice that I deliberately avoiding the term “learning” when discussing “weak” AI systems. While commonly used in the field, it overstates these systems' capabilities. More accurately, “learning” systems are adjusting weights and parameters based on limited input history, sometimes called “tuning,” "optimizing," and "updating." This is a mathematical process distinct from human learning and understanding.


Discussion:

What are the typologies of these Al?

Expert Systems Star Wars” C- 3PO ChatGPT/Claude/etc.

Weak Al Type I Strong Al Type III Weak Al Type II
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Artificial Intelligence

Machine Learning

Neural Networks/Deep Learning

Generative Al

Large Language Models

Figure 1-3 from Al-Assisted Programming
by Tom Taulli. Accessed March 16", 2026.
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Shelby Golden
Sticky Note
Now that we've established an AI typology, let's map out how the various systems relate.
 
Start with the biggest circle: “artificial intelligence” includes any theoretical or real-world AI system. Within that, you'll find “weak,” “strong,” and “super” AI classifications, as well as Types I-IV.
 
The next major category is machine learning. Currently, all machine learning technologies are “weak” AI systems. They're essentially mathematical techniques that enable Type II capabilities: limited “memory” and the ability to optimize based on new input. Machine learning excludes Type I systems, or “Good Old-Fashioned AI,” as it does not rely on explicitly coded logic to make decisions.
 
Machine learning refers to mathematical techniques where an algorithm optimizes criteria to minimize prediction errors based on answers it generates from training data. Training approaches can take different forms, yet most stem from or are related to three core methods:
-       Supervised – You provide labeled data showing the algorithm what the correct answers should be.
-       Unsupervised – The algorithm finds patterns (clusters, correlations, etc.) in unlabeled data on its own.
-       Reinforcement – The algorithm tunes parameters by trial and error, receiving rewards for “good” actions and penalties for “bad” ones based on environmental feedback (i.e. sensors on self-driving cars).
 
Neural networks are a subset of machine learning loosely inspired by biological neuron propagation. Because of advancements in multi-layered architectures, we now refer this a deep learning. Due to their abstract mathematics and probabilistic nature, their decision-making process is difficult to interpret or explain in real-world terms, which is why AI is often referred to as a "black box." The next slide will show you a diagram to further illustrate briefly how neural networks work.
 
Most AI systems people engage with fall into a specific type of neural network: generative AI. These are algorithms that can generate new data based on patterns learned during deep learning. This advancement occurred after the development of natural language processing (NLP), a machine learning-based modeling technique that trains computers to generate responses relevant to a given prompt in a human-esque manner. Generative AI can produce multimedia outputs, including images, audio, video, and text.
 
Generative AI models train on massive datasets using deep learning. Through validation cycles, they predict outputs, assess errors, and adjust parameters to improve accuracy. Most models then undergo fine-tuning to shift from broad, generalist capabilities to specialized, high-accuracy performance. For example, this sometimes involves reinforcement learning from human feedback (RLHF), where human raters score outputs to guide improvement.
 
Large Language Models (LLMs) are generative AI models designed specifically for text generation. Today, we'll use LLMs to help us write code—either through chatbot interfaces or tools integrated directly into an IDE.


I I Feedforward vs

Olltpllt Layer Backpropagation Artificial
Neural Network (ANN) from
SaffronEdge. Accessed March
16, 2026.
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Sticky Note
For those interested in the underlying mathematics, additional resources are referenced on this slide, such as Chapter 5 of Bishop's Pattern Recognition and Machine Learning. For now, this presentation will focus on the conceptual foundations rather than the mathematical details.
 
As previously discussed, neural networks are loosely inspired by the way biological neurons propagate signals. The mathematical units within these networks are sometimes referred to as "perceptrons” to distinguish them from their biological counterparts. While those familiar with neurobiology may recognize some similarities, notable differences exist between the two.
 
The goal of machine learning is to iterate through possible scenarios, assess prediction errors, and select the model with the lowest error. Within a neural network, signals passing between each layer are modified by weights — which scale the magnitude of importance — and biases — which shift importance up or down. These signals are then passed through a non-linear activation function, which determines whether a signal carries enough importance to be propagated to the next layer.
 
A notable difference from biological neurons is that signal importance is assessed through varying orientations and connections of perceptrons. Activation functions are applied between each layer and nested progressively until a final activation function is applied to the output layer, generating the prediction, y.
 
Classical neural networks identify patterns using feedforward algorithms, which process signals in the input-to-output direction. A groundbreaking advancement in accuracy came with backpropagation, which works in the reverse direction, from output back to input. Backpropagation efficiently untangles the nested equations generated by the feedforward process to identify where and how weights and biases should be adjusted to reduce model error.


Discussion:

Do we agree with the definitions for Al and
Machine Learning recorded in The Code of
Laws of the United States of America?
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Sticky Note
For the remainder of the workshop, we will explore one prominent AI application in research: generative LLMs, with a focus on AI-assisted programming. As established earlier, generative AI produces human-like responses but is not comparable to a thinking, discerning human. 
 
Used appropriately, LLMs can support and accelerate a developer's work, handling monotonous programming and debugging tasks and freeing time for more innovative, creative work. Effective use lies in finding the right balance: leveraging the strengths of both the AI and the programmer, rather than relying on either extreme.


Our Choice Resources

* Yale's Harvey Cushing/John Hay Whitney Medical Library workshop
"Code with Clarity: Al-Powered Programming for Researchers" by
Justin DeMayo and Max Wegener

* Yale's Library“"Using Al in Research” webpage

* Yale's Data-Intensive Social Science Center (DISSC) "Artificial Intelligence
and Machine Learning for Social Science Research” page for events and
content lead by Nick Warren

* Al-Assisted Programming - Better Planning, Coding, Testing, And
Deployment by Tom Taulli

 "Whatis arecurrent neural network(RNN)?"and "... a transformer model?"
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Sticky Note
As was done in the previous section, here are a selection of other sources you can reference on your journey learning how to use AI when coding.


Time spent searching Time spent coding Time spent coding a
for answers the same problem complex problem

107 faster
557 faster
627
> 30 minutes daily
StackOverflow, n = 70,000 Microsoft Study, n = 95 McKinsey & Company, n = 40
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There is much to love about AI-assisted coding.
 
Consider a familiar scenario: encountering a problem and turning to Google or StackOverflow for answers. A StackOverflow survey of over 70,000 developers found that 62% spent more than 30 minutes per day searching for solutions this way and 25% spent over an hour daily.
AI tools offer a faster, more direct alternative to this process.
 
Research backs this up further. A Microsoft study found that more than 90% of developers who use AI report working faster, and in a controlled experiment of 95 professional developers, those using AI completed tasks 55% faster.
 
A McKinsey & Company study of 40 developers found improvements in code documentation and readability, with AI users spending half the time on drafting and refactoring code. Interestingly, the McKinsey study also found that for complex coding tasks, time savings dropped to just under 10% — a reminder that AI assistance has its limits and is most effective for routine work.
 
With our sense of AI literacy, we are not all too surprised by this outcome!


Reduction of
Routine Tasks

Do less drafting of
function details and
code documentation.

Accelerate Tweaking
and Troubleshooting

Adapt and improve
code faster with
directed answers.

Get Started Faster
with New Projects

TL;DR summaries of
codebases and point
out imported parts.

Suggest Best Practices
for Code Integrity

Recommendations
with code
Implementing them

Modernization

Quickly convert
legacy languages to
modern ones.

IDE Integration

Get relevant Al
answers inthe same
coding environment.
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Sticky Note
Let’s take a look at some of the pro’s of AI… Note that each pro might differ slightly depending on the tool you are using. Some will be tuned specifically for some applications, while some may remain more generalized.
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Hallucinations

Answers that appear
correct but arein
fact not.

Intellectual Property

Suggestions are
trained off existing
code: who owns it?

Privacy

s my data housed
securely and how is
it shared?

Weaken Security

Suggestions might
Introduce security
risks.

Quality Concerns
with Training Data

l.e. representation of
knowledge is limited,
uneven data quality.

Bias

l.e. English-centric
training data give
English answers.
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There are some crucial draw backs. Depending on your work, you might have to be careful with intellectual property infractions, data privacy, and security.
 
AI at Yale and DISSC have some resources that they put together to help researchers navigate these important downsides of AI. This session is not going to go into how to navigate these issues, and we recommend you reach out to AI at Yale and DISSC for help in this regard.
 
As discussed earlier, these tools lack true context awareness. They instead generate responses based on a probabilistic model, not genuine understanding. As a result, AI may propose code that functions correctly but is inappropriate for your specific workflow. This is precisely why experienced programmers and data processors remain essential; no AI can navigate context or exercise the kind of discernment that comes with human expertise.
 
The last two problems raise concerns about ethical implementation of data. There are a slew of examples that showed a biased training dataset or process have led to controversial AI responses.


Foundational Models

» Gemini 7¢Claude

@ OpenA

2.
(41
&)
7))
=
-
(41
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Modes of Access

1) CodeWeave
Materisl Dark v

Al Assistant - CodeWeave Copliot
Can you optimize this function and add better error def google_auth_callback(auth_token):
handiing? ni
. Sural I've refactored the code to use generators and Processes a Google OAuth respanse and authenticates the user.
Qe Shastenor handiing for empty data sets. Herels 4 _ Generated by AL with codebase awareness.
the suggested version: \ i
# Placeholder for user inf eva
user_info = fetch_google_user_info(auth_token)

ptiaized(data set):

) U ¥ = # Context re user Llookup
l - . \ Y user = models.User.get_by_email(user_info['email'l)

s an(u. engagement_score for u i \ '
if not user:

/enues, engagenen

user = models.User.create(email=user_info['email'])

metrics.track_new_auth(user)

Would you like me to apply this refactor?
return user

=

Yale sCHOOL OF PUBLIC HEALTH IDE integrated Al assistant and Agentic Al images OpenAl, Gemini, and Claude logos were downloaded

were generated using Gemini. from brandlogos.net. Accessed March 23", 2026.
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Weighing these pros and cons, the market has clearly shifted in favor of AI-assisted coding in the workplace. Developers broadly rate AI-assisted programming positively
Development teams are reporting greater efficiency and flexibility when using AI Job postings are also increasingly seeking candidates with experience using AI-assisted programming tools
 
So, let's get better acquainted with the tool landscape. The variety of available tools changes rapidly, so rather than cataloguing specific products, it is more useful to focus on two core aspects: foundational models and modes of access.
 
Specific tools — such as GitHub Copilot or Yale's AI Clarity — are driven by foundational models. These are pre-built deep learning models that data scientists and developers can adapt for their own AI projects. They are typically trained on broad, unlabeled datasets, making them highly generalized and capable of processing multiple forms of data, including text, images, and more. Some of the most common ones are listed here.
 
Then we have three main modes of accessing AI:
-       A chatbox (e.g., in a web browser): you can copy/paste snippets of code, but that’s all the context the AI has.
-       A native IDE integration (e.g., Positron): provides inline completions, code actions, and context-aware suggestions directly in the editor.
-       A command-line or repo-aware tool, or agentic assistants: can search a codebase, run tests, and propose multi-file changes.
 
Today we’ll be introduced to the first two types. As you might already expect, there are key differences, most notably that IDE integrations can be context-aware of other lines in your script and your variables, giving the AI a fuller picture.


“On Friday, the judge issued a

sentence”
 "the"suggests” “Is anoun.
¢ “in context of “ )

Implies alegal penalty rather than a
grammatical sentence.

 Presence of” “strengthens
the interpretation about”

n

U
£
ol
=
=
U
=
U
=
p)
=
e

 The modelshouldincrease
“attention”to” “and”
when interpreting” “while
“the”isless important

n

Example from "What is a transformer model?" by
IBM. Accessed March 23, 2026.

Washington, D.C. Miss Genie Lee Neal reading a perforated tape at the Wesetern
Union telegraph office: source. Contributor Bubley, Esther, photographer. Accessed

cl March 23, 2026.

Yale scHOOL OF PUBLIC HEALTH
Data Science and Data Equity 25



https://picryl.com/media/washington-dc-miss-genie-lee-neal-reading-a-perforated-tape-at-the-western
https://www.ibm.com/think/topics/transformer-model
Shelby Golden
Sticky Note
While these technologies can feel complex, understanding how they work — even at a high level — is both useful and empowering.
 
A key breakthrough around the turn of the century was the rise of Graphical Processing Units (GPUs). Unlike traditional processors, GPUs can handle massive amounts of complex math simultaneously, making them essential for running AI models and algorithms. This is especially true for generative AI — a probabilistic model that processes your input and predicts the most likely optimal response based on its trained parameters.
 
A generative AI Large Language Model (LLM) works by breaking a text prompt into components and probabilistically assessing the relationships between them. Words that drive the meaning of a sentence are weighted more heavily, while words likely to be associated with those key terms are also weighted to capture nuance and context. The result is a statistically informed map of relationships that shapes how the model predicts and generates its response.
 
Consider the sentence: ”The cat sat on the mat." The model assigns higher weights to words like "sat," recognizing its statistical association with "cat" as the subject and "mat" as the location.
 
For a long time, natural language processing in AI relied predominantly on Recurrent Neural Networks (RNNs). RNNs process input sequentially — each new word updates the model's state, but only within a limited window, meaning earlier context can fade or be lost entirely. Think of it like receiving a telegram one line at a time, with no ability to refer back to what came before. By the time the next line arrives, the earlier context is already gone.
 
In 2017, the paper ”Attention is All You Need” by Vaswani et al. marked a significant breakthrough in natural language processing with the introduction of the transformer model. Rather than processing input sequentially, transformers use an “attention” mechanism to simultaneously weigh the statistical relationships between all words in a sequence and across a much longer range of words than was previously possible. Think of it like an elaborate mathematical approach to filling out a middle school grammar worksheet, mapping word relationships and relative context probabilistically.
 
You can refer to the previously listed sources for a full explanation of the algorithm and its underlying process.
 
The resulting parsed text creates units referred to as “tokens,” the basic units a model uses to process language, representing whole words, word parts, or punctuation. Tokens are not simply a component of the algorithm; they also determine context-length limits and factor into API billing and performance speed. It is worth noting that, while transformers provide far greater contextual range than RNNs, they still struggle to disambiguate — that is, to identify when a word takes on a different meaning based on its immediate context.


Prompt Engineering

Be specific, include
examples, use
relevant terms.

Paired Programming/
Refactor

Improve results with
back-and-forth's.
Restructure when
needed.

Plan the Project

Know how the

analysis needs to be
structured.

Build Iteratively

Start small and
iIncrement to more
complex tasks.

4

LO: Luddite

Does not believe in Al and does
not use it in any capacity.

L1: Chat-Overflow

Uses ChatGPT instead of Google
but uses very little Al coding.

L2: Copy and Complete

Uses code-completion and chats
to generate snippets, <20%.

L3: Feature Editor

Prompt for full features across
multiple files, >50%.

L4: Full Agentic (“Vibe Coder”)

All coding is done by the Al. The
user provides only prompts.

Levels of Code Autonomy by Max Struever, Matthew

Kropp, and Julie Bedard. Accessed March 21st, 2026.
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Sticky Note
The degree in which you implement code will fall on a spectrum, which is shown on the right. In general, it is best practice to fall between L1 and L3, though there may be variations depending on your starting point and project.
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Sticky Note
To practice using AI in a coding project, we are going to attempt replicating this paper from Thomas et al. Specifically, we want to ultimately regenerate Figure 2.c. (which you’ll see in the Book of Workshops webpage for the example).
 
This paper investigated whether healthier lifestyle behaviors (diet and exercise) are associated with more favorable epigenetic markers of aging. Instead of implementing a prospective longitudinal design, the authors adopted a cross-sectional strategy that estimates biological age via a machine-learning model. Their primary dataset was the Continue NHANES, which is a cross-sectional survey that is conducted biennially and uses a stratified, multistage, probability-clustered sample.
 
In this example, we are going to:
-       Score the participants adherence to the Mediterranean diet.
-       Generate some summary statistics showing population unevenness between possible confounding strata: BMI, sex, and age.
-       Regenerate Figure 2.c. and factor over some of these strata using a randomly balanced sub population
 
Full details can be found in the Book of Workshops webpage for the worked-through example.
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At the end of this analysis, you should be generating plots like this. Please lean on the solutions and guides as you process the data.
 
Don’t focus too much on the analysis plan, but instead focus on how you can use AI for coding, contextualizing the repo, etc.


Appendix
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Glossary

Al Literacy

Artificial Intelligence or mind displayed by artificial life or machines,
Intelligence (Al) analogous to the natural intelligence of animals and
humans, capable of perceiving its environment and taking
action. Al can be classified by category ("weak," "strong," or
"super”)and by type (Types I-IV), representing varying
degrees to which the technology has achieved true artificial
Intelligence.
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Glossary

Al Literacy

Automaton, A self-moving mechanical device, typically resembling an
Automata animal or human, that operates without direct human
control. Some automata follow predetermined instructions,
while others can produce a range of responses to varying
circumstances. Might be considered an early Type | “weak”
Al.

Black Box Complex entity, machine, or system whose outputs are
known or observable but whose inner contents and internal
workings are hidden, unknown, opague, and mysterious to
the user.

Yale scHOOL OF PUBLIC HEALTH
Data Science and Data Equity 32



Glossary

Al Literacy

Big Data A shift in data collection marked by increased volume and

Yale scHOOL OF PUBLIC HEALTH
Data Science and Data Equity

velocity (speed of collection), where data expanded beyond
traditional tabular formats to include greater variety:
Images, free text, audio, and spatial data. Maintaining data
veracity became more challenging, increasing the need for
valuable (i.e. reliable) data. Big Data also exacerbates the
‘curse of dimensionality,” where the number of variables
(columns) outpaces the number of observations (rows).
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Glossary

Al Literacy

Central Processing Electronic circuitry that run a computer’'s operating system
Unit (CPU) and apps and manage a variety of other computer
operations. Thought of as the “brain” of the computer.

Connectionism A movement in cognitive science that hopes to explain
intellectual abilities using artificial neural networks (also
known as “neural networks” or “neural nets”).

Computer Vision A field of Al that enables machines to interpret and
understand visual information from the world, such as
Images and video.
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Glossary

Al Literacy

Deep Networks A type of neural network characterized by many hidden

layers. Made computationally feasi

advances such as backpropagatio
deep learning-based machine lear
underlying generative Al.

ble through theoretical
N, deep networks support

ning — a core technique

Disambiguate To resolve ambiquity by clarifying or distinguishing the
intended meaning of a word, phrase, or concept. "Weak" Al
algorithms lack the ability to understand context beyond
modeled patterns and typically underperform in this regard.
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Glossary

Al Literacy

Generative Al A type of Al based on neural network/deep learning
machine learning that generates new content, such as text,
Images, audio, or video, by learning patterns from existing
data.

Good Old-Fashioned An early approach to Al based on explicit, hand-coded rules
Al (GOFAI) and logical reasoning. All Type | “weak” Al are GOFAI.

Graphics A computer circuit designed for fast graphic and image
Processing Units processing. Its greater number of processing cores and
(GPU) memory also make it ideal for complex mathematical
calculations and were necessary in the advancement of Al
development.
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Data Science and Data Equity 36




Glossary

Al Literacy

Large Language Generative Al models designed specifically for text
Models (LLMs) generation, i.e. chat bots. Popular foundation models
behind these tools include ChatGPT, Gemini, Claude, and
LLaMA.

Machine A mechanical structure or device based on one or more
components(such as lever, pulley, wheel and axle, inclined
plane, screw, wedge) that changes the direction or
magnitude of a force.
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Glossary

Al Literacy

Machine Learning "Weak" Al with Type Il capabilities; limited memory and the
ability to optimize based on new input. Canonically refers to
mathematical techniques where an algorithm optimizes
criteria to minimize prediction errors based on answers it
generates from training data.

Mechanism, Something made of parts that move or work together to
Mechanical perform an action; a machine or something resembling a
machine.
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Glossary

Al Literacy

Natural Language A technology that uses machine learning-based modeling
Processing (NLPs) to train computers to generate responses relevant to a
given prompt in a human-esque manner, effectively
emulating human communication. This advancement
served as a foundational development that enabled the
field of generative Al.
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Glossary

Al Literacy

Neural Networks A subset of machine learning that use pattern recognition

Yale scHOOL OF PUBLIC HEALTH
Data Science and Data Equity

techniques loosely inspired by biological neuron
propagation. Contemporary networks typically leverage
many layers — giving rise to the term deep learning. Due to
their abstract mathematics and probabilistic nature, their
decision-making process is difficult to interpret or explain

In real-world terms, which is why Al iIs oftenreferred to as a
"black box."
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Glossary

Al Literacy

Perceptron An alternative term used to describe individual "neurons,”
the most basic unit of a neural network, modeled loosely
after a biological neuron in the human brain. |t isused to
distinguish the differences between machine learning-
based neural networks and biological neural connections.

Programmed Supplied with a predetermined set of (coded) instructions
for automatic performance.

Reinforcement Human users respond to generated content with

Learning with Human evaluations and scores the model can use to update the
Feedback (RLHF) model for greater accuracy or relevance.

Yale scHOOL OF PUBLIC HEALTH

Data Science and Data Equity 41



Glossary

Al Literacy

Robot, Bot Complex and ambiguous to define, but a robot usually is a
machine or self- moving object with a power source that
provides energy. It can be “programmed” to “sense” its
surroundings, and has a kind of “intelligence” or way of

processing data to “decide” to interact with the

environment to perform actions or tasks. Talos, the bronze
animated statue powered by ichor, fits this definition.

Strong Al A theoretical Al capable of learning, understanding, and
reasoning at a human level.
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Glossary

Al Literacy

Super Al Atheoretical Al capable of creativity and holding belief
systems at a human level. Also, might possess additional
cognitive abilities that surpass human capacity.

Weak Al Also referred to as "narrow Al," a system designed to
perform specific tasks, either explicitly defined or
determined by probabilistic models from detected patterns
In a training dataset. Though some systems can mimic
human-esque responses, they lack genuine understanding
or reasoning capacities. Type |l "weak" Al has limited
‘memory” and “learning” capacity —that is, the ability to tune
model parameters based on recent input.
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Glossary

Al Coding

Al-Assisted Coding The use of Al tools to support software development tasks,
such as generating, completing, explaining, or debugging
code based on natural language prompts or existing code
context. Reliance on Al for coding support exists on a
spectrum, ranging from no use to full, unsupervised
dependence.

Autocompletion A code editor feature that predicts and suggests code as
you type, based on context and syntax. Al-powered
versions can suggest entire functions or logic blocks.
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Glossary

Al Coding

Foundational Model Large, pre-built deep learning models trained on vast,
generalized datasets, capable of processing text, images,
and more. They serve as a base that developers can adapt
for their own Al projects. Common examples include GPT-4,

Gemini, and Claude.
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Glossary

Al Coding

Tokens, Tokens are the basic text units —whole words, word parts,

Tokenization or punctt

ation — that an Al language model uses to process

and gene

rate language. In English, one token averages

roughly 3-4 characters. Tokenization is simply the process
of breaking input text into these units before the model

processe
a model's

s it. Token counts matter because they determine
context-length limit, drive API billing costs, and

affect processing and generation speed.

Yale scHOOL OF PUBLIC HEALTH
Data Science and Data Equity

46



Glossary

Al Coding

Recurrent Neural A type of neural network designed to p
Network (RNN) data by retaining memory of previous i

‘ocess sequential
nputs and updating

predictions based on recent data. RNNs were widely used

in early NLP and code-related Al tasks,

though Transformer

models have since proven more capable.

Refactor The process of restructuring existing code to improve its

code.

Yale scHOOL OF PUBLIC HEALTH
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readability, efficiency, or maintainability without changing
Its functionality. Al tools can now suggest or automate
refactoring, making it faster to clean up messy or outdated
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Glossary

Al Coding

Transformer Model A deep learning architecture that, unlike RNNs, processes
entire inputs at once rather than sequentially, making it
faster and better at capturing context. It powers most

modern foundational models.

Vibe Coding An approach to software development where deve
use natural language to describe what they want, a
nandles the technical implementation — requiring li

opers
nd Al

ttle to

no coding knowledge. While fast, it risks errors, security
Issues, and unreliable software, and is not recommended

when the goal is a working, production-ready product.
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