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Data Analyst from OpenAl
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Data Analyst

Drop in any files and | can help analyze and visualize your data.

Other

Capabilities

v Cede Interpreter & Data Analysis

Ratings

More by ChatGPT

Web Browser
I | can browse the web to help you gather information or conduct research

O Start Chat

| want to write a paper about the factors that affect stable

weekly warfarin dose. Do some scientific analysis using machine

learning models. Visualize the results.

Analyzed v

Great! Your dataset has 3,345 observations and 17 variables. Here's a quick breakdown of the data:

e Target variable: warfarin (weekly dose in mg).
¢ Predictors include:
* Demographics: Gender, Age, Race, Height, Weight

* Clinical factors: Diabetes, CHF, ValveReplacement, Aspirin, Tylenol, Simvastatin,

Amiodarone , Vitamin, Smoking

* Genetic factors: cyp2ce, VKORCL
These features are already encoded numerically.

Here's the plan for the scientific analysis:

1. Exploratory Data Analysis (EDA): Understand the distributions and relationships.

2. Correlation Analysis: Check correlations with Warfarin dose.

3. Feature Importance using:
¢ Linear Regression
¢ Random Forest
¢ Gradient Boosting

4. Model Performance Comparison

5. Visualization: Feature importance, predictions vs actual, etc.

6. Interpretation for inclusion in your paper.

Shall we start with EDA and visualization to get a feel for the data? [-)

Ahn, S. (2024). Data science through natural language with ChatGPT’s Code
Interpreter. Translational and Clinical Pharmacology, 32(2), 73.

Analyzed v
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Data Analyst from

OpenAl

Model

1 Linear Regression

2 Random Forest

3 Gradient Boosting

Next, we can:

Model Performance Comparison

MSE

151.7349677447367

175.7988854966517

152.4561959065529
8

e Visualize actual vs predicted doses

e Summarize key findings for your paper

What would you like to do next? [>-)

RMSE

12.31807483922454
2

13.25891720679527
1

12.34731533194779

e Analyze feature importance (especially for tree-based models)

Skip to modelling

R2 Score

0.48312543478
46

0.40115338041:
1

0.48066862144:
4

Here's a comparison of the three models (Linear Regression, Random Forest, Gradient Boosting)

based on Mean Squared Error, Root Mean Squared Error, and R2 Score.

Actual Vs Predicted Warfarin Dose: Random Forest

Actual vs Predicted Warfarin Dose: Random Forest
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Actual Vs Predicted Warfarin Dose: Gradient Boosting
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Deep Research from OpenAl

ChatGPT o03-mini
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Deep Research from OpenAl

ChatGPT o03-mini

MLPTI R | EvlotNE o= SVt T e

o T4 HHE £ G, dYAE 2, WETL 2|H & =gt 7127 EasHivtar

& Share a

Activity

@ I'm analyzing how GLP-1 RAs might link
to muscle loss in obesity and diabetes,
considering clinical trial data, muscle mass
changes, and expert opinions.

D Read dom-pubs.onlinelibrary.wiley.com

11 Sources X

1. MH 22 %2 GLP-1 RA =0 it =& |=HCL @ I'm considering the latest research on
2. AEAIE Bt ZBe|H S ST GLP-1-based therapies and mitigation
H|Ot0f 2he Z0 2HAl0| Q&L C ; ; ) -
B2 g Z0f 20| ASLICH str.ate-gles for changes in lean body mass [=) al'ol II‘E HAHS §6H
This likely includes updates from GLP-1 — — o o
a.nd GIP- RA ftrials, possibly featuring ﬁég Xl—EEA II_I BOH
UALLICH 2|2 GLP-1 28K TS H (GLP-1 RA) LSO CfSt 224 Jhsde HEsln, S8 H|T U T tirzepatide data.
Aol Mol BFE ZAISHASLCE 24 A" 20HE =510 A7 A HEVF e Has YEE A
N 0 Read more from dom-
S ASHL pubs.onlinelibrary.wiley.com
ZA g2EE gasalAsUn
@ I'm noting that lean mass loss varies
Evaluating GLP-1 medications 11 sources significantly across studies, with some

Nessag e ChatGPT

@ Search P Deep research

ChatGPT can make mistakes. Check important info.

showing 40-60% loss and others 15% or
less. GLP-1 RAs and SGLT2 inhibitors
often result in 20-50% lean mass loss.

0 Read more from dom-

pubs.onlinelibrary.wiley.com

@ I'm gathering data on how semaglutide

and liraglutide impact lean mass during
weight loss, noting significant decreases
compared to total weigaht loss
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Inaccuracies

Hallucination: LLMO|
HEE A ANE Oh=
Bias: 222 E A0 ZEstE
H0| ZSHE

2+ S

Open access journall| M EH 7} deep research T
TS 2EY I UHE H= A

Az A HEIF HHM XX

E| A Ol O|c|>:-||

= I AML- T
ALXO Al =H | HAE7I=Q

is moderate drinking beneficial for health? X Q

ZERYSHX| YALE AR Ol
oiLf= A

mSEO| LLM =3 4

B T A

O -

® Pro = Filter

v A @ Share v

Consensus Meter Bet= =

Results from 13 relevant papers
e
B v

B Yes54% S5A9 Possibly 15% - [ Mixed 23% - @ No 8% ©

Moderate drinking, defined as up to one drink per day for women and up to two for men, has been associated with
certain health benefits, particularly concerning cardiovascular health. However, the evidence is mixed and should
be interpreted with caution.

Kim, Y., Jeong, H., Chen, S., Li, S. S., Lu, M., Alhamoud, K., ...
Hallucination in Foundation Models and Their Impact on Healthcare. medRxiv, 2025-02.

23]

etabolsm tudies
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Nen-Factual
Hallucination

Factual
Hallucination

Input-Conflicting
Hallucination

Memory-Based
Hallucination

Fig. 2: A visual taxonomy of medical hallucinations in LLMs, organized into
five main clusters. (a) Factual Errors: Hallucinations arising from incorrect or
conflicting factual information, encompassing Non-Factual Hallucination, Factual Hal-
lucination, and Input-Conflicting Hallucination. (b) Outdated References: Errors
stemming from reliance on obsolete guidelines or data, illustrated by Memory-Based
Hallucination. (c¢) Spurious Correlations: Hallucinations that merge or misinterpret
data in ways that produce unfounded conclusions, including Bias-Induced Halluci-
nation, Amalgamated Hallucination, and Multimodal Integration Hallucination. (d)
Fabricated Sources or Guidelines: Inventions or misrepresentations of medical
procedures and research, covering Procedural Hallucination and Research Hallucina-
tion. (e) Incomplete Chains of Reasoning: Flawed or partial logical processes,
such as Reasoning Hallucination, Decision-Making Hallucination, and Diagnostic Hal-
lucination.

& Breazeal, C. (2025). Medical



Privacy and security

+ 22X EE, O3 g2 2 F
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o« Al MH|AQ| privacy 2t A0t

o
I = (=1 A =2
« Synthetic data O|&, Local model &£
Settings X
@ General Improve the model for everyone On >
Q Motifications - - i i
) We will not use your Inputs or Qutputs to train our modelsjunless: (1) your conversations are flagged for
2 Personalization Shared links Manage Trust & Safety review (in which case we may use or analyze them to improve our ability to detect and
enforce our Usage Policy, including training models for use by our Trust and Safety team, consistent with
i Speech Export data Export Anthropic’s safety mission), or (2) you've explicitly reported the materials to us (for example via our
E Data controls feedback mechanisms), or (3) you've otherwise explicitly opted in to the use of your Inputs and Outputs for
training purposes.
Delete account Delete

oo
o+

Builder profile
Connected apps
Security

Subscription
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Publisher Al policy

« Report use of text generation tools

« Authors are responsible for contents
of the paper

« LLM tools cannot take responsibility,
thus cannot be an author

Nurse Education in Practice
Volume 67, February 2023, 103572

Ry BN
o ;} Nurse Education in Practice Sl
ke Volume 66, January 2023, 103537 y O

=

Open artificial intelligence platforms in
nursing education: Tools for academic
progress or abuse?

Siobhan O'Connor®! 9 =8 ChatGPT® =

Pract. 66 (2023) 103537]

Siobhan O'Connor &

Corrigendum to “Open artificial intelligence
platforms in nursing education: Tools for
academic progress or abuse?” [Nurse Educ.

etabolsm tudies
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Nature

First, no LLM tool will be accepted as a credited author on a research paper. That is because
any attribution of authorship carries with it accountability for the work, and Al tools cannot
take such responsibility.

Second, researchers using LLM tools should document this use in the methods or
acknowledgements sections. If a paper does not include these sections, the introduction or
another appropriate section can be used to document the use of the LLM.

arXiv

1. continue to require authors to report in their work any significant use of sophisticated tools, such as
instruments and software; we now include in particular text-to-text generative Al among those that
should be reported consistent with subject standards for methodology.

2. remind all colleagues that by signing their name as an author of a paper, they each individually take
full responsibility for all its contents, irrespective of how the contents were generated. If generative
Al language tools generate inappropriate language, plagiarized content, errors, mistakes, incorrect
references, or misleading content, and that output is included in scientific works, it is the
responsibility of the author(s).

3. generative Al language tools should not be listed as an author; instead authors should refer to (1).

Science

Artificial intelligence (Al). Text generated from AI, machine learning, or similar algorithmic tools
cannot be used in papers published in Science journals, nor can the accompanying figures, images,
or graphics be the products of such tools, without explicit permission from the editors. In addition,
an Al program cannot be an author of a Science journal paper. A violation of this policy constitutes
scientific misconduct.



Content ChatGPT terms of use

Your content. You may provide input to the Services (“Input™), and receive output from the

Services based on the Input (“Output”). Input and Output are collectively “Content.” You

x are responsible for Content, including ensuring that it does not violate any applicable law
- MEF: O|8X7F =8 W& 250 ahis.
.
Fakly

or these Terms. You represent and warrant that you have all rights, licenses, and
CHdl O] &

Plagiarism while using Al

-1
2 |- X | |:|- permissions needed to provide Input to our Services.
— =

Ownership of content. As between you and OpenAl, and to the extent permitted by
applicable law, you (a) retain your ownership rights in Input and (b) own the Output. We

° AI_(_)_l % EF' % LH 7|— AA %—X—l Eli-ll %/% 'c')'l_ E ? hereby assign to you all our right, title, and interest, if any, in and to Output.
o= 4 1 =5t YAlo 2 A Z(originality)

+ AlS| =55 B0 =2 &= &1 87 285 249 #7|otH X7t SACt
— AI9| OIO|LC|0] EXF 7| OfELt
— A2t EES= IHE0A S = OrO|C|0 7} 7| & 2210 U=A| =el 2R
— LLMO|A| =t5H[0|E & 7[0et AES0H M2t E80] FOHRE=7F
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NEJM AINAM LLM &&= &2{6l= 0|+
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. Q79 =20 Wg 2B FC}
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o

(NEJM
Al

CURRENT ISSUE RECENTLY PUBLISHED PODCAST EVENTS AUTHORCENTER ABOUT s PUBLICATIONS Q

EDITORIAL f X in B3

Why We Support and Encourage the Use of
Large Language Models in NEJM Al
Submissions

Authors: Daphne Koller, Ph.D. &, Andrew Beam, Ph.D. ¥, Arjun Manrai, Ph.D. %, Euan Ashley, M.B., Ch.B., D.Phil. &,
Xiaoxuan Liu, M.B.Ch.B., Ph.D. &, Judy Gichoya, M.B.Ch.B., M.S. &, Chris Holmes, Ph.D. &, 45 , for the editors and
editorial board of NEJM Al*  Author Info & Affiliations

Published December 11, 2023 | NEJM Al 2023;1(1) | DOI: 10.1056/Ale2300128 | VOL. 1 NO. 1

Copyright © 2023
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FIG. 1. Overview of our quasi-experimental approach to estimate the prevalence and causal effects of Al-assisted
reviews. Study 1: Estimating the prevalence of Al-assisted reviews by classifying each review as human or Al-assisted
using an out-of-the-box LLM-detection model. Study 2: Estimating the effect of Al-assisted reviews on paper scores
by comparing the scores of human and Al-assisted reviews assigned to the same paper (thus controlling for properties of the
reviewed paper). Study 3: Estimating the effect of Al-assisted reviews on acceptance rate: we match papers into pairs
(i, j) such that (1) ¢ and j are similar in content, (2) ¢ and j received the same number m of reviews, (3) 7 received exactly one
Al-assisted review, and j none, (4) i’s m — 1 human scores are identical to m — 1 of j’s m human scores. We then estimate the
causal effect of Al-assisted reviews on paper acceptance as the difference in acceptance rates between i and j in matched pairs.
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The length of tasks Als can do is doubling every 7 months ~ /\ METR
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