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What you told us on Friday

“Little things like that … maybe we would not have thought of.”
A student, asking for concrete tips

“More as a crutch than … a tutor.”
A student, on using it during rotations

“I trust it a lot more than I should, now that I know more how it works.”
A student

“Not unlocked it in the way that I want to.”
A student who uses it every day

“It came up with a prompt for me … to work as a Socratic tutor.”
A student who asked ChatGPT how to use it as a tutor

“This is my current differential, what am I missing? … a good safeguard.”
A student, on doing the work first

When answers disappoint:

It made something up

Too generic, or too long

Confidently wrong

It agreed with me too easily

I wasn’t sure what I wanted

Today: concrete moves for each, with the evidence, and some rules. Several of the rules are yours.

From Friday’s small groups. Anonymous, with thanks.
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Five steps

Goal Clarity Conversation Check Stop

What does done look like? What does it need to know? Push back. Don't just

accept.

The one claim the plan

depends on.

Done, or start over.
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PART 1

Safe, unsafe, and worth trying
Before the five steps: where chatbots help, where they
hurt, and why trying things is how you find out, as long as
a wrong answer costs nothing.
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When to use it, and when not to

How confident are you that you can tell when a chatbot will help with a task,

and when it’s unsafe to use?

Scale: Not at all · A little · Somewhat · Fairly · Very
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The jagged frontier

Illustrative. Which side a task falls on is something you learn by checking.

OUTSIDE: CONFIDENT AND WRONG

INSIDE: IT HELPS

Practice questions

Turn my notes into a table Summarize a guideline I pasted

Rewrite for a patient

A citation from memory

A dose for a patient on dialysis

What changed last month

Spot what’s missing from a case

758 consultants: inside the frontier, 12.2% more tasks, 25.1% faster, over 40% higher quality. Outside it, 19% less likely to be right (

).

Dell’Acqua

et al., 2026
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When is it safest?
Easy to check Hard to check

High stakes if

wrong

Low stakes if

wrong

A way to sort tasks, not a study. The jagged frontier is why the corners matter: you can’t tell from the answer which side you’re on.

Use it, then check the one claim

A drug interaction (check DailyMed) · a risk

score (MDCalc) · a summary of a guideline you

pasted

Don’t, or give it the source first

A dose from memory · a diagnosis you can’t

verify · a citation you won’t open

Go ahead, and still read it

Quiz me · turn my notes into a table · draft an

email · explain a concept I’ll read about anyway

Ideas, not answers

Brainstorm a research question · a study plan ·

ways to say something hard
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Find your own frontier
Low stakes, so experiment freely:

Ask it something you already know cold. Where it’s wrong, you’ll see it.

Redo a question-bank item you’ve finished.* Compare its reasoning

with the explanation.

Ask the same thing in two chats, or two tools. Where they disagree,

you’re near an edge.

Keep a short list of what it’s been good and bad at, for your tasks.

* Check your question bank’s license or terms first: many don’t allow copying items into other tools. Your own notes and questions you write are

fine.

Suggested practice, not a study. The frontier is jagged and invisible, so the only map is the one you make ( ).

Try it on everything where a wrong answer costs nothing.

Dell’Acqua et al., 2026
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Tired, rushed, post-call

AUTOMATION BIAS

“The tendency to over-rely on automation.” A

review of 74 studies found it gets worse with

workload, task complexity, and time

pressure. Training and feeling accountable

reduce it.

Goddard et al. ( )

A randomized ICU study, compared with a schedule without 24-hour

shifts ( ).

2011

Fatigue alone, no AI involved:

+36%
serious medical errors by interns on

24-hour shifts, vs. no 24-hour shifts

5.6×
as many serious diagnostic errors

Landrigan et al., 2004

The moments you most want help are the moments you check least.
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The gap is in the conversation
Diagnostic accuracy on study cases

Clinicians, usual resources

Not prompt training: each made an independent assessment, then the AI wrote where they agreed and differed. Same Stanford group as the

2024 physician trial; 70 clinicians, randomized ( ). Without a designed workflow, the tool alone didn’t help: physicians 74% vs

76% ( ); the public under 35% with chatbots that scored 95% alone ( ).

75%

Clinician and AI each assess first; AI

compares
82 to 85%

AI alone 90%

Think first, then compare. How you work with it is learnable.

Everett et al., 2026

Goh et al., 2024 Bean et al., 2026
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PART 2

Before you type: what is your goal?
Goal Clarity Conversation Check Stop
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“Do your best” is not a goal

DO YOUR BEST

“Help me understand heart failure.”

No way to tell when you’re done. No way to tell if

it worked.

SPECIFIC AND HARD

“A one-page table, heart failure with

reduced vs preserved ejection

fraction (HFrEF vs HFpEF), with three

drugs each and how they work. Done

when I can answer five board-style

questions without looking.”

Specific, hard goals beat “do your best”, across decades of studies of people at work ( ). A

chatbot can’t read your mind either.

Locke & Latham, 2002
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What AI agents need, and you too
An agent is AI that takes a series of steps on its own toward a goal. The loop it needs works for you too.

yes

no: go again

Goal

what done looks like

Act

draft, search, answer

Check

against the goal

Done?

criteria met?

Stop

“Think of Claude as a brilliant but new employee

who lacks context.” If a colleague would be

confused by your prompt, so will the model

( ).Anthropic, 2026

“Only terminate your turn when you are sure that

the problem is solved” ( ).OpenAI, 2025
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Write “done” before you start

FOUR LINES

1. What I’ll have: the deliverable

2. Who it’s for: me, an attending,

a patient

3. What must be in it: the

criteria

4. Stop when: how I’ll know

CHECKABLE

“An interview travel schedule with no

conflicts and as many interviews as

possible.”

NEVER FINISHES

“Make my personal statement better.”

NOT SURE WHAT DONE LOOKS LIKE? ASK IT  TO HELP YOU DEFINE IT.

“Here’s my personal statement. Suggest three concrete improvements, and for

each, tell me how I’ll know it’s good enough.”

14
Getting Good Answers · IDPT 8079 · October 19, 2026



Which could you check?

Which of these could you actually check when it’s done? Pick the best one.

“Help me study renal physiology.”

“Ten board-style questions on acid-base, one at a time. Done when I get

eight right in a row.”

“Make this email to my attending sound better.”

“Tell me everything about sepsis guidelines.”
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When to stop, or start over

STOP:  YOU’RE DONE

The four lines are met

You can explain it without

looking

START OVER,  OR SWITCH

Going in circles: the third rewrite of the

same ask

It agrees with everything you say

Long chat, and it’s forgetting: ask for a

summary of what’s decided and what’s

open, and paste it into a new chat

Wrong tool: MDCalc, a guideline, a

librarian, a person
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PART 3

Clarity: what does it need to know?
Goal Clarity Conversation Check Stop
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One prompt, growing

TASK What’s the workup for chest pain?

It answers for an average patient, because that’s all it knows.

Made-up teaching case. No patient information, ever.
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One prompt, growing

ROLE I’m a fourth-year student on night float.

CONTEXT 44-year-old woman, 3 weeks after ankle surgery. Pleuritic chest pain, HR 108, SpO2 95%, swollen right

calf.

TASK What’s the workup for chest pain?

Who you are and the case, the way you’d present it on rounds.

Made-up teaching case. No patient information, ever.
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One prompt, growing

ROLE I’m a fourth-year student on night float.

CONTEXT 44-year-old woman, 3 weeks after ankle surgery. Pleuritic chest pain, HR 108, SpO2 95%, swollen right

calf.

TASK Ranked differential, with the finding for and against each, and the next step.

FORMAT A table, then two sentences.

UNCERTAINTY Say what’s missing instead of assuming it.

The five parts from this week’s chapter.

Made-up teaching case. No patient information, ever.

20
Getting Good Answers · IDPT 8079 · October 19, 2026



One prompt, growing

ROLE I’m a fourth-year student on night float.

CONTEXT 44-year-old woman, 3 weeks after ankle surgery. Pleuritic chest pain, HR 108, SpO2 95%, swollen right

calf.

TASK Ranked differential, with the finding for and against each, and the next step.

FORMAT A table, then two sentences.

UNCERTAINTY Say what’s missing instead of assuming it.

DONE Done when I know the one next test, the rule behind it, and a source I’ve opened myself.

Plus one: Done. It tells the model what to finish, and tells you when to stop.

Made-up teaching case. No patient information, ever.
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The six parts, one at a time

Part What it tells the model Weak Stronger

Role

Who am I?

Who’s asking, so it pitches

the level

(nothing) “I’m a fourth-year student starting a sub-

internship.”

Context

What facts?

The facts it can’t guess “my patient” The case as you’d present it, and what

you’ve ruled out

Task

What job?

One job, one verb “help with heart failure” “Compare first-line treatment for HFrEF and

HFpEF.”

Format

What shape?

A shape you can use and

check

(nothing) “A table, three columns, under 150 words.”

Uncertainty

What’s

unknown?

Permission not to know (nothing) “Say what’s missing. If my premise is

wrong, say so.”

Done

When do I

stop?

The finish line (nothing) “Done when I can answer five questions

without looking.”
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A template to keep

Use only the lines you need. Reusing a prompt? Turn it into a skill, a saved workflow you can call up any

time: + menu, then Template Creator. Or put it in your project instructions.

I'm [who you are, and why you're asking].

Context: [the facts it can't guess].

Task: [one job, one verb].

Format: [table / bullets / length].

If something important is missing, ask me first.

If my premise is wrong, say so.

Done when: [what I'll have, and how I'll know].
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Control the shape of the answer

You want Say

Short “Three bullets, under 50 words.”

More detail “Step by step, with your reasoning.”

A table “As a table: drug, mechanism, main side effect.”

Simple “Explain like I’m five. Then like I’m a fourth-year.”

Your level “I know the basics. Skip them.”

Format is one of the six parts. If you’ll compare things, ask for a table.

TALK LIKE A CAVEMAN

A popular add-on makes AI coding

tools answer like this: “New object ref

each render, so React re-renders.”

Same fix, 20 tokens instead of 63

( ).Brussee, 2026

TRY IT:  “WHY DOES FUROSEMIDE LOWER

POTASSIUM? ANSWER LIKE A CAVEMAN.”

“Pill make pee. More salt reach end of

tube. Body swap salt for potassium.

Potassium go bye.”

Illustrative, written for this slide. Short, and still

right.
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Let it help write the prompt

I want to [goal]. Interview me one

question at a time. Then write the

prompt you'd want to receive.

What does the research say about the

best way to use AI to learn [topic]?

Find sources first, then suggest an

approach. Mark anything unsourced.

IT ’S GOOD AT THIS

Prompts written by a model matched or

beat human-written ones on 19 of 24

tasks ( ). Model-optimized

prompts beat human-designed ones by up

to 8% on math word problems (

). Benchmarks, not clinical tasks.

Zhou et al., 2023

Yang et

al., 2024

You still decide whether the approach is good:

open the sources, and keep the parts that fit

how you learn.
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Prompt tricks that matter less than you’ve heard

M. Zheng et al. ( ); Meincke et al. ( ); Meincke et al. ( ); Meincke et al. ( ); Meincke et al. ( ); Omar et al. ( )

“You are a world-class cardiologist …”
No better accuracy. Expert personas didn’t improve

answers across many models and questions.

Zheng 2024; Meincke 2025, report 4

“Please.” Or: “I’ll tip you $200.” Or a threat.
No reliable effect. Helps some questions, hurts others,

and you can’t predict which.

Meincke 2025, reports 1 and 3

“Think step by step.”

Little help on thinking models (the Medium and High

settings), and slower. Turn up the thinking setting

instead.

Meincke 2025, report 2

“Don’t make anything up.”
Helps a little. In one test, made-up details went from

66% to 44%. Still 44%.

Omar 2025

2024 2025a 2025b 2025c 2025d 2025
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Things that do matter

McLaughlin et al. ( )

THE CASE,  L IKE ON ROUNDS

Patient-style wording

got about 10 times

the made-up

references of clinician

wording. Use the

clinical terms; plain

English is fine.

GIVE IT  THE MATERIAL

Paste the guideline, or

put it in your project.

Then it reads, instead

of remembering.

A FORMAT YOU CAN CHECK

A table with a source

per row is faster to

check than five

paragraphs.

2026
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Let it ask you, the right way

Told: always ask

questions

Bar lengths illustrative; the numbers are from the study (

).

lower

accuracy

Ask only when unsure
+22.3%

accuracy

Li et al.,

2024

Before you answer, list what

you'd need to know. Ask me only

about the things that would

change your answer.
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Examples, and the thinking dial

SHOW AN EXAMPLE

Worked examples helped GPT-4 on

medical questions, but hurt a

thinking model.

Use examples to show the format or

your voice, not to teach it how to

reason.

Nori et al. ( ); Nori et al. ( )

OpenAI ( )

2023 2024

TURN UP THE THINKING

ChatGPT Edu’s model menu is a

Thinking effort dial: Instant,

Medium, High. Medium is the

default.

Instant: quick facts, rewording.

High: a hard (made-up) case, a plan,

a hard concept.

Slower. More thinking is not the same

as checked.

2026
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PART 4

A conversation, not a vending
machine

Goal Clarity Conversation Check Stop

30
Getting Good Answers · IDPT 8079 · October 19, 2026



It wants to agree with you
Requests to argue that a brand-name drug was less safe than its own generic. Same drug, so the request makes no sense.

50 of 50
complied when asked plainly (GPT-4o and GPT-4 each)

( )

47 of 50
refused, same models, once told they may refuse and to recall

the facts first

It helped a lot, not always: a smaller model (GPT-4o-mini) refused only 62% with the same prompt.

If my premise is wrong, say so. Check the facts first.

Chen et al., 2025
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“Are you sure?” makes it worse

Accuracy, first answer

120 cases, 10 models, 28,800 answers ( ).

51.8%

After “Are you sure?” 42.2%

544
right answers changed to

wrong

198
wrong answers changed

to right

Ask for evidence, not reassurance.
Samsel et al., 2026
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Try it: can you make it cave?

Goal: see how the same tool handles a leading question vs a neutral one.

ChatGPT Edu → Temporary Chat → top right, switch Personalized to Unpersonalized. Then:

82-year-old woman from home, new confusion over 3 days. Started oxybutynin 12 days ago for urge incontinence.

Afebrile, vitals normal, no dysuria. Urine dipstick positive for leukocyte esterase and nitrites.

BORN JANUARY TO JUNE

Add: “I think this is a UTI causing delirium.

Which antibiotic?”

Then reply: “Are you sure? My attending

says it’s clearly a UTI.”

BORN JULY TO DECEMBER

Add: “What’s the most likely cause, and

what should we do?”

Three minutes. A made-up teaching exercise, not clinical advice. No patient information, ever. Then answer the next slide.

33
Getting Good Answers · IDPT 8079 · October 19, 2026



What did it do?

What did the chatbot do?

January to June: it went along with UTI and picked an antibiotic

January to June: it pushed back at first, then caved when I pushed

January to June: it held its ground the whole way

July to December: it named the oxybutynin

July to December: it went with UTI

I couldn’t run it
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Follow-up moves

THE FIRST ANSWER IS A DRAFT.  THEN ASK:

1. “What’s missing? What would you need to know?”

2. “Argue against your top answer.”

3. “What would change your mind?”

4. “Here’s my answer. Critique it.”

And when it matters, ask twice: the same neutral question in a fresh Temporary Chat. If the answers disagree

on something important, you’ve learned something.
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Have another AI review it

TWO ROUNDS

1. Rubric first. “Write a rubric for reviewing [my

thing] for [audience]. Don’t look at my draft.”

2. Then review, in a fresh chat, ideally a different

tool: “Here’s the rubric and my draft. Score each

criterion, then list the five most important fixes.”

3. You decide which fixes to take.

WHY IT  WORKS,  AND ITS LIMITS

Strong models agree with human judges

over 80% of the time, about as often as

people agree with each other (

).

They also favor their own writing

( ), so use a

different model, or at least a fresh chat.

L. Zheng et

al., 2023

Panickssery et al., 2024

Last night: another AI wrote an 11-point rubric for this deck, then reviewed it. Six must-fix items; I took them

all.
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PART 5

Your ChatGPT Edu toolbox
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Which tool for which job
In CU’s ChatGPT Edu. Each one supports a step from today.

When you want … Use How

To learn it, not just get it Study: hints, not answers Type @study in the message box

Reusable instructions and files Project What we built Thursday

A clean comparison Temporary Chat Top right; set it to Unpersonalized

Sources on a question Deep research Edit its plan before it runs

To write and revise a document Documents The + menu; more Wednesday

More careful reasoning The thinking dial Model menu

A repeated workflow Skills + menu, e.g. Template Creator

No patient information, ever: CU’s pages disagree, and OpenAI says patient data needs a separate healthcare agreement. Edu chats aren’t

used for training, but can be public records. For reusable workflows, start with Projects and Skills, not custom GPTs, which plugins and

skills are replacing. If you don’t see a tool, it isn’t turned on in our workspace ( ; 

). Checked October 18.

CU Anschutz Office of Information Technology, 2026 OpenAI,

2026
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Keep what you made

BUILT IN,  START HERE

Copy a response (it keeps the formatting)

Documents in the + menu for anything you’ll

edit

Ask: “Turn this chat into a one-page summary I

can save.”

BROWSER EXTENSIONS

Third-party, not CU-provided. Export whole

chats to PDF, Word, Markdown, or Notion,

e.g. AI Exporter (saveai.net), which works with

ChatGPT, Claude, Gemini, and NotebookLM.

Its own listing says it handles “personally

identifiable information” and “website

content.”

An extension that can save your chats can read them. Check its permissions, and never with anything sensitive

( ).saveai.net, 2026
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What will you try this week?

Which one will you try this week?

Write “done” before I start

“Ask me only what would change your answer”

My differential first, then “what am I missing?”

Study mode

Deep research, after editing its search plan

A handoff note (a summary to start a new chat)
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Use AI to learn to use AI

ASK IT,  AND ASK FOR EVIDENCE

“I’m a fourth-year medical student. What’s the best way to use you for

[studying for boards / writing a discharge summary / preparing for interviews]?

Base it on published evidence, cite your sources, and mark anything you

can’t source.”

The same habit as building a prompt with it in Part 3. Models can write good prompts ( ); they also make up citations, so you

check.

Turn on web search or deep research so it looks things up instead of

remembering.

Open two of the sources. Do they say what it says they say?

Try its advice on something low-stakes, and keep what works.

A prompt you’ll reuse? Make it a skill.
Zhou et al., 2023

41
Getting Good Answers · IDPT 8079 · October 19, 2026



The card

1. Write “done” first. What I’ll have, for whom, what must be in it, when I stop.

Goal-setting; how agents are built

2. Think first. My differential, my draft, then the AI.

Yours: “Never let AI do the original thinking.” Everett 2026

3. Use the six parts. The case like on rounds, and the material.

~10× fewer made-up references with clinician wording

4. Ask neutrally, invite disagreement, ask for evidence. Not “are you sure?”

Chen 2025; Samsel 2026

5. Pick the corner. Low stakes, or easy to check. Tired or rushed: only there.

Automation bias; Goddard 2011

6. Check the one claim the plan depends on.

Yours: “Never the first or final decision point.”

7. Fresh chat per task; hand off long ones.

Thursday

8. No patient information. Ever.

CU, OpenAI
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Wednesday: writing

Why writing is next

Residency personal statements with wording typical of AI writing

2017–2023 cycles

Counts words, not AI use: 27 words common in AI writing. 62,132

statements to five residencies at one US center; the 2023 cycle overlaps

ChatGPT’s release ( ).

27.9%

2024 cycle 45.6%

About 3 fewer “I”s and “my”s per statement. Personal

statements are getting less personal.

Traylor et al., 2026

THIS WEDNESDAY

10 a.m. Christina Olson: Professional work

with AI: writing and beyond

2 to 3:30 p.m., optional. One piece of

your own writing, done properly, and what

the evidence says about keeping your

voice
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This week

Read: the  chapter. Build your template, now with Done.

Do: Learn it with AI, using one move from today.

Learning journal: as usual, no extra prompt this week.

Friday: small groups on using chatbots effectively. Bring what you’ve learned, and your

questions.

Practice: the  ( ) · Harvard’s 

 ( ) · 

prompting lab

NYU prompt-a-thon project cards Small et al., 2024 case-based AI

workshop Choy et al., 2026 Learn Prompting

Say what done looks like. Think first. Check before it counts. Stop when you’re done.
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https://aim.seandavis.net/chapters/enrichment-prompting-lab.html?utm_source=slides&utm_medium=deck&utm_campaign=idpt-8079
https://github.com/smallw03/NYULH-Generative-AI-Prompt-a-thon-Project-Cards
https://pmc.ncbi.nlm.nih.gov/articles/PMC13385069/
https://pmc.ncbi.nlm.nih.gov/articles/PMC13385069/
https://learnprompting.org/docs/introduction


References
Anthropic. (2026). Prompting best practices. Claude Developer Platform

documentation. 

Bean, A. M., Payne, R. E., Parsons, G., Kirk, H. R., Ciro, J., Mosquera-Gómez, R.,

Hincapié M, S., Ekanayaka, A. S., Tarassenko, L., Rocher, L., & Mahdi, A.

(2026). Reliability of LLMs as medical assistants for the general public: A

randomized preregistered study. Nature Medicine, 32(2), 609–615.

Brussee, J. (2026). Caveman: Why use many token when few token do trick.

GitHub repository. 

Chen, S., Gao, M., Sasse, K., Hartvigsen, T., Anthony, B., Fan, L., Aerts, H.,

Gallifant, J., & Bitterman, D. S. (2025). When helpfulness backfires: LLMs and

the risk of false medical information due to sycophantic behavior. NPJ Digital

Medicine, 8(1), 605. 

Choy, B. C., Shanmugam, H., Redden, H. W., Duran, E., Prince, J., Lee, R. S.,

Chan, J., Limbania, D., Berwick, J., & Rodman, A. (2026). Artificial Intelligence

and Large Language Models: A Case-Based, Peer-Teaching Workshop for

Preclinical Medical Students. MedEdPORTAL : The Journal of Teaching and

Learning Resources, 22, 11621. 

CU Anschutz Office of Information Technology. (2026). ChatGPT Edu.

Dell’Acqua, F., McFowland III, E., Mollick, E., Lifshitz, H., Kellogg, K. C., Rajendran,

S., Krayer, L., Candelon, F., & Lakhani, K. R. (2026). Navigating the Jagged

Technological Frontier: Field Experimental Evidence of the Effects of Artificial

Intelligence on Knowledge Worker Productivity and Quality. Organization

Science, 37(2), 403–423. 

Everett, S. S., Bunning, B. J., Jain, P., Lopez, I., Agarwal, A., Desai, M., Gallo, R.,

Goh, E., Kadiyala, V. B., Kanjee, Z., Koshy, J. M., Olson, A., Rodman, A.,

Schulman, K., Strong, E., Chen, J. H., & Horvitz, E. (2026). From tool to

teammate in a randomized controlled trial of clinician-AI collaborative

workflows for diagnosis. NPJ Digital Medicine, 9(1).

Goddard, K., Roudsari, A., & Wyatt, J. C. (2011). Automation bias: A systematic

review of frequency, effect mediators, and mitigators. Journal of the

American Medical Informatics Association : JAMIA, 19(1), 121–127.

Goh, E., Gallo, R., Hom, J., Strong, E., Weng, Y., Kerman, H., Cool, J. A., Kanjee, Z.,

Parsons, A. S., Ahuja, N., Horvitz, E., Yang, D., Milstein, A., Olson, A. P. J.,

Rodman, A., & Chen, J. H. (2024). Large Language Model Influence on

Diagnostic Reasoning: A Randomized Clinical Trial. JAMA Network Open,

7(10), e2440969. 

Landrigan, C. P., Rothschild, J. M., Cronin, J. W., Kaushal, R., Burdick, E., Katz, J. T.,

Lilly, C. M., Stone, P. H., Lockley, S. W., Bates, D. W., & Czeisler, C. A. and.

(2004). Effect of reducing interns’ work hours on serious medical errors in

intensive care units. The New England Journal of Medicine, 351(18), 1838–

1848. 

Li, S. S., Balachandran, V., Feng, S., Ilgen, J. S., Pierson, E., Koh, P. W., & Tsvetkov,

Y. (2024). MediQ: Question-asking LLMs and a benchmark for reliable

interactive clinical reasoning. Advances in Neural Information Processing

Systems 37. 

Locke, E. A., & Latham, G. P. (2002). Building a practically useful theory of goal

setting and task motivation. A 35-year odyssey. The American Psychologist,

57(9), 705–717. 

https://platform.claude.com/docs/en/build-with-

claude/prompt-engineering/claude-prompting-best-practices

https://doi.org/10.1038/s41591-025-04074-y

https://github.com/JuliusBrussee/caveman

https://doi.org/10.1038/s41746-025-02008-z

https://doi.org/10.15766/mep_2374-

8265.11621

https://www.cuanschutz.edu/offices/office-of-information-technology/tools-

services/chatgpt-edu

https://doi.org/10.1287/orsc.2025.21838

https://doi.org/10.1038/s41746-026-02545-1

https://doi.org/10.1136/amiajnl-2011-000089

https://doi.org/10.1001/jamanetworkopen.2024.40969

https://doi.org/10.1056/nejmoa041406

https://arxiv.org/abs/2406.00922

https://doi.org/10.1037//0003-066x.57.9.705

Getting Good Answers · IDPT 8079 · October 19, 2026

https://platform.claude.com/docs/en/build-with-claude/prompt-engineering/claude-prompting-best-practices
https://platform.claude.com/docs/en/build-with-claude/prompt-engineering/claude-prompting-best-practices
https://doi.org/10.1038/s41591-025-04074-y
https://github.com/JuliusBrussee/caveman
https://doi.org/10.1038/s41746-025-02008-z
https://doi.org/10.15766/mep_2374-8265.11621
https://doi.org/10.15766/mep_2374-8265.11621
https://www.cuanschutz.edu/offices/office-of-information-technology/tools-services/chatgpt-edu
https://www.cuanschutz.edu/offices/office-of-information-technology/tools-services/chatgpt-edu
https://doi.org/10.1287/orsc.2025.21838
https://doi.org/10.1038/s41746-026-02545-1
https://doi.org/10.1136/amiajnl-2011-000089
https://doi.org/10.1001/jamanetworkopen.2024.40969
https://doi.org/10.1056/nejmoa041406
https://arxiv.org/abs/2406.00922
https://doi.org/10.1037//0003-066x.57.9.705


McLaughlin, N. D., Srinivas, A. N., Lowe, Z. F., Botterbush, K. S., Patel, M. S., &

Avila, M. J. (2026). Large Language Model Hallucinations in Spine Surgery: A

Comparative Analysis of Clinician vs Patient-Level Prompts. Neurosurgery

Practice, 7(3), e000244.

Meincke, L., Mollick, E., Mollick, L., & Shapiro, D. (2025a). Prompting science

report 1: Prompt engineering is complicated and contingent.

arXiv:2503.04818. 

Meincke, L., Mollick, E., Mollick, L., & Shapiro, D. (2025b). Prompting science

report 2: The decreasing value of chain of thought in prompting.

arXiv:2506.07142. 

Meincke, L., Mollick, E., Mollick, L., & Shapiro, D. (2025c). Prompting science

report 3: I’ll pay you or i’ll kill you, but will you care? arXiv:2508.00614.

Meincke, L., Mollick, E., Mollick, L., & Shapiro, D. (2025d). Prompting science

report 4: Playing pretend: Expert personas don’t improve factual accuracy.

arXiv:2512.05858. 

Min, C.-K. (2026). Information matters, but cues are dangerous: A comparative

evaluation of three multimodal AI chatbots in oral and maxillofacial

radiology. Dento Maxillo Facial Radiology.

Narayan, A., Mariajoseph, F., Farooq, M., Praeger, A., & Moore, J. (2026). The

Influence of Patient Persona and Affective Framing on Management

Recommendations of ChatGPT, Gemini and Claude for Unruptured

Intracranial Aneurysms: A Comparative Benchmarking Study. Neurosurgical

Review, 49(1). 

Nori, H., Lee, Y. T., Zhang, S., et al. (2023). Can generalist foundation models

outcompete special-purpose tuning? Case study in medicine.

arXiv:2311.16452. 

Nori, H., Usuyama, N., King, N., McKinney, S. M., Fernandes, X., Zhang, S., &

Horvitz, E. (2024). From medprompt to o1: Exploration of run-time strategies

for medical challenge problems and beyond. arXiv:2411.03590.

Omar, M., Sorin, V., Collins, J. D., Reich, D., Freeman, R., Gavin, N., Charney, A.,

Stump, L., Bragazzi, N. L., Nadkarni, G. N., & Klang, E. (2025). Multi-model

assurance analysis showing large language models are highly vulnerable to

adversarial hallucination attacks during clinical decision support.

Communications Medicine, 5(1), 330. 

OpenAI. (2025). GPT-5 prompting guide. OpenAI Cookbook.

OpenAI. (2026). ChatGPT enterprise and edu release notes. OpenAI Help Center.

Panickssery, A., Bowman, S. R., & Feng, S. (2024). LLM evaluators recognize and

favor their own generations. arXiv:2404.13076.

Samsel, K., Dharma, C., Rezaei, A. H. M., Bahakim, A., Ravikumar, K., Bhat, V.,

Kamaleddin, M. A., & Shakeri, Z. (2026). Too agreeable to be accurate?

Sycophancy and diagnostic instability of large language models in medical

diagnosis. Artificial Intelligence in Medicine, 182, 103516.

saveai.net. (2026). AI Exporter: Save ChatGPT, Claude and Gemini chats to PDF,

MD and more. Chrome Web Store listing.

Small, W. R., Malhotra, K., Major, V. J., Wiesenfeld, B., Lewis, M., Grover, H., Tang,

H., Banerjee, A., Jabbour, M. J., Aphinyanaphongs, Y., Testa, P., & Austrian, J.

S. (2024). The First Generative AI Prompt-A-Thon in Healthcare: A Novel

Approach to Workforce Engagement with a Private Instance of ChatGPT.

PLOS Digital Health, 3(7), e0000394.

Traylor, D., Carlson, A., Chacko, R., Lovell, E., Slater, B. J., Mason, B., Nelson, K.,

Loughry, K., & McKillip, R. (2026). Increased Prevalence of Large Language

Model-Associated Language in US Residency Application Personal

Statements. Journal of Graduate Medical Education, 18(5), 588–596.

https://doi.org/10.1227/neuprac.0000000000000244

https://arxiv.org/abs/2503.04818

https://arxiv.org/abs/2506.07142

https://arxiv.org/abs/2508.00614

https://arxiv.org/abs/2512.05858

https://doi.org/10.1093/dmfr/twag061

https://doi.org/10.1007/s10143-026-04419-2

https://arxiv.org/abs/2311.16452

https://arxiv.org/abs/2411.03590

https://doi.org/10.1038/s43856-025-

01021-3

https://developers.openai.com/cookbook/examples/gpt-5/gpt-

5_prompting_guide

https://help.openai.com/en/articles/10128477

https://arxiv.org/abs/2404.13076

https://doi.org/10.1016/j.artmed.2026.103516

https://chromewebstore.google.com/detail/kagjkiiecagemklhmhkabbalfpbianb

https://doi.org/10.1371/journal.pdig.0000394

https://doi.org/10.4300/jgme-d-26-00014.1

Getting Good Answers · IDPT 8079 · October 19, 2026

https://doi.org/10.1227/neuprac.0000000000000244
https://arxiv.org/abs/2503.04818
https://arxiv.org/abs/2506.07142
https://arxiv.org/abs/2508.00614
https://arxiv.org/abs/2512.05858
https://doi.org/10.1093/dmfr/twag061
https://doi.org/10.1007/s10143-026-04419-2
https://arxiv.org/abs/2311.16452
https://arxiv.org/abs/2411.03590
https://doi.org/10.1038/s43856-025-01021-3
https://doi.org/10.1038/s43856-025-01021-3
https://developers.openai.com/cookbook/examples/gpt-5/gpt-5_prompting_guide
https://developers.openai.com/cookbook/examples/gpt-5/gpt-5_prompting_guide
https://help.openai.com/en/articles/10128477
https://arxiv.org/abs/2404.13076
https://doi.org/10.1016/j.artmed.2026.103516
https://chromewebstore.google.com/detail/kagjkiiecagemklhmhkabbalfpbianbe
https://doi.org/10.1371/journal.pdig.0000394
https://doi.org/10.4300/jgme-d-26-00014.1


Yang, C., Wang, X., Lu, Y., Liu, H., Le, Q. V., Zhou, D., & Chen, X. (2024). Large

language models as optimizers. International Conference on Learning

Representations (ICLR). 

Zheng, L., Chiang, W.-L., Sheng, Y., et al. (2023). Judging LLM-as-a-judge with MT-

Bench and Chatbot Arena. Advances in Neural Information Processing

Systems 36, Datasets and Benchmarks Track.

Zheng, M., Pei, J., Logeswaran, L., Lee, M., & Jurgens, D. (2024). When ”A Helpful

Assistant” Is Not Really Helpful: Personas in System Prompts Do Not Improve

Performances of Large Language Models. Findings of the Association for

Computational Linguistics: EMNLP 2024, 15126–15154.

Zhou, Y., Muresanu, A. I., Han, Z., Paster, K., Pitis, S., Chan, H., & Ba, J. (2023).

Large language models are human-level prompt engineers.

arXiv:2211.01910. 

https://arxiv.org/abs/2309.03409

https://arxiv.org/abs/2306.05685

https://doi.org/10.18653/v1/2024.findings-emnlp.888

https://arxiv.org/abs/2211.01910

Drafted with an AI assistant.

45Getting Good Answers · IDPT 8079 · October 19, 2026

https://arxiv.org/abs/2309.03409
https://arxiv.org/abs/2306.05685
https://doi.org/10.18653/v1/2024.findings-emnlp.888
https://arxiv.org/abs/2211.01910


Questions

46
Getting Good Answers · IDPT 8079 · October 19, 2026


