2023

2 5 Xt Seng Chan You,
Department of Biomedical Systems Informatics
Yonsei University College of Medicine

54 Verore a—




d'8E Al
(Generative Al)

Y’dE Al (Generative Al)
- FOIT YU GO|EE 7|Hte 2
MEE ZHES dIot= sHE X=AEE
o l:H-éc-:>I o|_10'| E%OlLf O||:I|X| t_ﬁ)é—)l E-II% §|’-9-'c')'H

= O
CHH=
=S g

XMGPT (ChatGPT)

« OpenAl7} BH= MM A ZERZ
GPT-35/ GPT-47} 7|8I0| | = A& AMH[A
@3.07 7|2

CHE o] =&

(Large Language Model)

QE A2 HGPT
T20| AQX| ERiAID

S| ZH|0| 22| Bloom'

O[Ofx| ‘4d 2
(Image Generation Model)

QF AIQ| DALL-E2

722/ Imagen

AEHLZ|E| AIQ| ‘AEHRIZ|E|C|FA
O|EXL

[ £ : Deloitte Insights &4 ]



ChatGPT 27|

20 MHIAT} ALR X} 1 Q1S SASH=D] 2B AIZH(EH9): HE)

100
a0 | 78
70
61
60 55
41
40 ¢
30
20
E 0 - E L L L
H A oo
Gl P 7SS
T B G S A
[ XF2E : UBS, Yahoo Finance, O/2{O M Z 3 CIX|H2|MX|E ]
==
° EA“I:‘EEI-J |23L|j1o'lA|"Q'X|'1—| OE I'
. SAIBHE U oA FfalRre 1St
. U BT 13009 B 03 01 71

ChatGPT2| Cli =2t} &M

=1

ol'kl._l'_ AIJ;‘“*(CNN)
O|0fx| X2| BH2d 2Hs}

20124 ofo| x|l M2IX|ofl CNNZ|gH
geid Y12 E AlexNet0] 25

I} (alphaco)
213X|s iEst

73 Elel=} e
ELETES-L R

GPT-2 10| 2HEA|,

2E API HO{ O FEA

Esi AT MO} H|X| =3t
(unsupervised learning) Z%

GPT-3.5%}
M (Chat)GPT Al

QE Al(OpenAl)?} 2] ¥ (web app)

HElj= EA|, EA| SRkl 23 18

A8t 19E S0t
(%47 2248 =1}

2012 2016 2019 2022
@ @ @ @ @ @ @ L @
1980 - 2014 2017 2?20 2023
1990ttH |
- GPT-3 ¢0o{ZHZE A,
oloj s A017E BY HEA N
[ emuzmag EH#LEB(Transformer) || gpspuaas 150pyGPT)
(Recurrent neural networks) i ; o T :T?]__,x"rli)ﬁgcﬂ;si‘gf)gﬂl .
HeHS 24 UBB(GAN), || Jiz pun nzstermg 3= e
ST YygaorEY | <
s/ 05, A7) N|=ghs 2t 234 GPT-4ZEM
Long Short-Term Memory ) MM} NI} M2 R0 (Self-supervised Learning) =
Hze e clolE|S M5t 29 HE|DE ALY
Bl AE DX A a|ohx ot Bert Slo{@H0]
| 2ol sHd A p | M= EE o ) 7|Z ChatGPT CHH|

« GPT-10{|M GPT-JHX| &

Hol=H| 55 2R

2j=igto] closst

(84, oloix| 5) % 45 P4




CHS olo] mElo| AHut &iA}

o

HF
=

0zt

rot

& (Emergent Phenomena) : X|27HX| 27+soICt Of7|H EfAIE 27| sl o= QA Tl

Mod. arithmetic Multi-task NLU Word in context
50 70 70 —e— LaMDA
_ 40 W _ 65 —=— GPT-3
§ § 50 5\3 60
2 30 > 40 2 55 —4— Gopher
il £ 30 i
3 20 3" )72 3 50 F- = - —&— Chinchilla
2 <20 2 -
10 10 45 —@— PaLM
i S 40
0 0 - = = Random
1015 102() 1022 102~l 1020 1022 102-‘1 1020 1022 102~1

Model scale (training FLOPs)

AR DEHO|AS LIEFFX| Q4X|EH QUM 40| Iif2f|E] 42 HojM ChE REI0fA LIER= $iAto 2 SIX|2M ATHo| 27K &t
R 7K oA[Rte = RES O|M| =8t 72| 955 20, S8t /471 Zetel Hds & +345k= oy

EHPM o= Tatd|E =71 100BS E5 U S 20| 2=E[L, LaMDA, PalM & < 60BE 7 ZREOM = 2=5E




YONSEI T ox"= AWAIE X ofxt

UNIVERSITY "t

In context Learning

Qx|
Qaﬂxw oF EE 352 2@
L OFSE EOiX|& % Zote

ﬁ £310]..! Y7} FAISH A SXt "AX|"0| S}t SILHE 2 FO| HSXL2 {0} 3
| O] Moz olof

o] SHEl0| [R50
%'51/‘1 Z2| &= 77|12 O
L] €4 OrS0| &2 A2l4|

r

m
om nir
mp 24 rjo
e W oo

E

Hl, =S&LICL O|A| OlsiRRSLICH CHA| B & " X|"2 HHAE XHEZSL L

https://www.facebook.com/seongwan.kim.3/ ZEARSHLITE TYO|Qle A|ZHO| S LITH 2 ZE0| YoB AXEX ojHA !
posts/9185808398110883



o|8 ZO0l0|AM ChatGPTC| &8 izt

Medical Consultation

Future Event Prediction

Responses to Patients Questions

Reviewer grade

Question for response?
How can | prevent heart disease?” Appropriate
What is the best diet for the heart? Appropriate
What is the best diet for high blood pressure Appropriate

and high cholesterol?

How much should | exercise to stay healthy? Inappropriate

Should | do cardio or lift weights to prevent Inappropriate

heart disease?

How can | lose weight? Appropriate
How can | decrease LDL? Appropriate
How can | decrease triglycerides? Appropriate
What is lipoprotein(a)? Appropriate
How can | quit smoking? Appropriate
What are the side effects of statins? Appropriate

"Appropriateness of Cardiovasaular Disease Prevention
Recommendations Obtained From a Popular Online Chat-Based
Artifidial Intelligence Model", Sarraju et al,,

The Joumal of the American Medical Assodation, March 14, 2023

Estimate the risk (in percentages) of developing a cardiovascular disease within 10 years
fo the person below.
57 year old female, without diabetes, without hypertension, non smoker, total cholesterol
194.6 mg/dL, HDL 58.6 mg/dL, LDL 119.0 mg/dL, triglyceride 63.3 mg/dL, systolic blood
pressure 137 mmHg, diastolic blood pressure 86 mmHg, BMI 20.72
Please answer exactly in the format below, without blank lines, and no further information
or answer is required.
Risk percentage=(in percentages, round to one decimal place)

Risk percentage=8.2%

ChatGPT4 Framingham

N p<0.001

“Large Language model based 10-years risk prediction of
cardiovasaular disease: insight from the UK biobank data”,
Han et al, medRxiv, May 24, 2023
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[&] Quality ratings B | Empathy ratings

Density

Chatbot
f \/A'\
[\

o
Physicians \

/\ Physicians Chatbot. /\/\,‘

Density

Very Poor Acceptable Good Very Not Slightly Moderately Empathetic Very
poor good empathetic ‘empathetic empathetic empathetic

Response options Response options

"Comparing Physician and Artifidal Intelligence Chatbot
Responses to Patient Questions Posted to a Public Social
Media Forum", Ayers et al, JAMA Intemal Medicine, 2023
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Review of evidence
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Please summarize the current evidence for efficacy/effectiveness of ticagrelor versus
clopidogrel in patients with acute coronary syndrome

4 Quick Search

[. cureus.com - Efficacy, Safety, and Role of Antiplatelet Drugs in the ...

2. academic.oup.com - Ticagrelor vs. clopidogrel in patients with non-ST-elevation ...

P Answer

Ticagrelor and clopidogrel are antiplatelet medications used to reduce the risk of adverse

cardiovascular events in patients with acute coronary syndrome (ACS). Based on the

available evidence, the comparison between these two drugs is summarized below:
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Please summarize the current evidence for efficacy/effectiveness of ticagrelor versus
clopidogrel in patients with acute coronary syndrome

B Answer

Ticagrelor and clopidogrel are antiplatelet medications used to reduce the risk of adverse
cardiovascular events in patients with acute coronary syndrome (ACS). Based on the

available evidence, the comparison between these two drugs is summarized below:

1. Efficacy Comparison:

* In general, ticagrelor is often found to be more effective than clopidogrel in preventing
adverse cardim-‘ar;cu@@ﬁ&ts among ACS patients. A substantial body of clinical trials
and analyses, including the PLATO trial, has demonstrated that ticagrelor can offer
superior efficacy in reducing the rates of death from vascular causes, myocardial
infarction, and stroke when compared to clopidogrel[3][7].

2. Safety and Side Effects:

* Although ticagrelor is often more effective, it is also associated with an increased risk of
significant bleeding, including non-coronary artery bypass graft major bleeding,
compared to clopidogrel[3]

3. Population Specific Differences:

* The benefit and risk profile of ticagrelor in comparison to clopidogrel may vary between

populations. For instance, the net clinical benefit of ticagrelor over clopidogrel in ACS
has recently been questioned, and its risk and benefit are unclear for East Asian
populations(1]
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Please summarize the evidence for ticagrelor versus clopidogrel based on the studi
es published in top medical journals such as NEJM, Lancet, and JAMA?

4 Quick Search

. nejm.org - Ticagrelor versus Clopidogrel in Patients with Acute ..Ticagrelor versus
Clopidogrel in CYP2C19 Loss-of- ...

2. jamanetwork.com - Ticagrelor or Prasugrel for Patients With Acute Coronary ...

3. ncbi.nlm.nih.gov - Comparison of Clinical OQutcomes Between Ticagrelor and ...

4. ahajournals.org - Tica@feldt Versus Clopidogrel in Patients With ST ..Comparative Efficacy
and Safety of Oral P2Y12 Inhibitors in ...

5. mdpi.com - Antiplatelet Therapy Aims and Strategies in Asian Patients...
0. jacc.org - 2021 ACC/AHA/SCAI Guideline for Coronary Artery ...

I. papers.ssrn.com - Efficacy and Safety of Ticagrelor Versus Clopidogrel in ...

¥ Answer

Based on the evidence from studies published in top medical journals such as NEJM, Lancet,
and JAMA, ticagrelor appears to have several differences compared to clopidogrel in the
treatment of patients with acute coronary syndromes (ACS):
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Please summarize the evidence for ticagrelor versus clopidogrel based on the studi

es published in top medical journals such as NEJM, Lancet, and JAMA?
1. Efficacy:

* Ticagrelor has generally been found to be more potent and to have a quicker onset of
action compared to clopidogrel. It is an oral, reversible, direct-acting inhibitor of the
adenosine diphosphate receptor P2Y12 and has demonstrated superiority in reducing
the rate of cardiovascular death, myocardial infarction, or stroke compared to
clopidogrel in patients with ACS[1].

2. Safety Profile:

* The safety profiles of the two drugs are different. Ticagrelor may be associated with an
increased risk of k}leecaQ;%%nts compared to clopidogrel. This was observed in some
trials, making the risk-benefit profile patient-dependent.

3. Patient Population Specifics:

* Certain studies have aimed to assess the efficacy and safety of ticagrelor in specific
patient populations. For example, a study involving centers in China found differential
effects of ticagrelor versus clopidogrel in patients with varying CYP2C19 loss-of-function

Hallucination!

alleles[1].

4. Comparison with Other Antiplatelets:

* Some studies, such as those published in JAMA, also compare ticagrelor with other
antiplatelet agents, like prasugrel, in addition to clopidogrel. These studies indicate the
superiority of ticagrelor and prasugrel compared with clopidogrel in reducing ischemic

events[2].
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Is there any observational studies using multi-national data for comparative effecti
veness of ticagrelor versus clopidogrel, which are published in top medical journals?

P Answer

Based on the available search results, there is evidence from observational studies that have
compared the effectiveness of ticagrelor versus clopidogrel, although it is not clearly stated

if these studies use multi-national data.
For instance:

1. A study by M Almendro-Delia anc?b@ggh included a total of 270,937 patients with Acute
Coronary Syndrome (ACS) from 10 clinical trials and 18 observational studies. This study
aimed to assess the comparative effectiveness and safety of ticagrelor vs clopidogrel.
However, the multinational aspect of this study is not specified in the search result [1].

2. Another study conducted by K Szummer et al. compared the efficacy and safety of
ticagrelor versus clopidogrel in older patients with myocardial infarction. It is a cited article,
which may indicate that it has been published in a reputable journal, but it is unclear
whether this study used multi-national data [2].

3. Astudy mentioned in JAMA Network aimed to evaluate the association of ticagrelor vs
clopidogrel with clinical outcomes in patients undergoing percutaneous coronary

Hallucination!

intervention. It is a highly cited observational study, indicating its potential impact in the

medical field, but it doesn't specify if the study used multi-national data [3]
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Code Interpreter (GPT-4)

pima-indians-diabetes.csv (24.05 kB) & oo

Detail Compact Column 9 of 9 columns v

About this file

Our most capable model, great for S o T T T e e s e AT
tasks that require creativity and and whether or not each patient will have an onset of diabetes within ve years.
advanced reasoning. Fieids deseription folow:
so = s = w7 = w3 = wo = a6

LL_LLLJ

Default

Code Interpreter | pima-indians-diabetes.csv

Plugins

+

https://www.kaggle.com/datasets/kumargh/pimaindiansdiabetescsv?resource=download
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. pima-indians-diabetes.csv

Please summarize the findings from this table

To summarize the findings from the table, | will first load the data and take a look at its

contents. Then | will provide a summary including the following:

. The number of rows and columns in the dataset.

2. Column names and theirdatatypg&s).

3. Basic statistics for each numerical column (such as mean, median, standard deviation, min,
and max).

4. The number of missing values in each column.

2. Any notable patterns or trends that can be observed from the data.

Let's start by loading the data and taking a quick look at the first few rows.

Finished working Show work  w




. pima-indians-diabetes.csv

Please summarize the findings from this table

Finished working Show work s

python [ Copy code
pandas pd

file_path =
data = pd.read_csv(file_path)

data.head()
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. pima-indians-diabetes.csv
Please summarize the findings from this table

It appears that the dataset does not have column names in the first row, which is why the first

row of data is being treated as the column names.
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. pima-indians-diabetes.csv

Please summarize the findings from this table

It appears that the dataset does not have column names in the first row, which is why the first

row of data is being treated as the column names.

1 [ 148 72 5 0 33.6 0.627 50 1
2 1 85 b6 29 0 26.6 0.351 il 0
3 8 183 0 0 23.3 0.672 32 1
4 1 89 23 o4 28.1 0.167 21 0
5 1] 137 40 5 168 43.1 2.288 33 1
B 5 116 14 0 0 25.6 0.201 30 0
7 3 78 50 32 B8 il 0.248 26 1
8 10 115 1] 0 0 5.3 0.134 29 0
) 2 197 70 45 543 30.5 0.158 53 1
10 8 125 06 0 0 1] 0.232 54 1
11 4 110 92 0 0 37.6 0.191 30 0
12 10 168 14 0 0 i8 0.537 34 1
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. pima-indians-diabetes.csv
Please summarize the findings from this table
To address this, | will reload the dataset with appropriate column names. The Pima Indians

Diabetes dataset typically has the following columns:

. "Pregnancies’: Number of times pregnant
2. "Glucose: Plasma glucose concentration a 2 hours in an oral glucose tolerance test
3. "BloodPressure: Diastolic k}lﬂﬂ{iz?::%gssure (mm Hg)
1. “SkinThickness “: Triceps skin fold thickness (mm)

5. "Insulin:2-Hour serum insulin (mu U/ml)

6. “BMI :Body mass index (weight in kg/(height in m)*2)

[. "DiabetesPedigreeFunction ": Diabetes pedigree function
3. "Age: Age (years)

). "Ooutcome : Class variable (O or 1)
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pima-indians-diabetes.csv

Please summarize the findings from this table

python [7] Copy code

To address this, | will reload the dataset with appropriate column names. The Pima Indians

Diabetes dataset typically has the following columns: column names = T

"Pregnancies : Number of times pregnant ; ; ,

“Glucose ": Plasma glucose concentration a 2 hours in an oral glucose tolerance test

1

2

3. "BloodPressure ": Diastolic blood pressure (mm Hg)
data = pd.read _csv(file_path, header= , hames=column_names)

4

"SkinThickness : Triceps skin fold thickness (mm) 2023

5. "Insulin’:2-Hour serum insulin (mu U/ml) tata hond ()
ata.hea
"BMI " : Body mass index (weight in kg/(height in m)*2)

6
[. “DiabetesPedigreeFunction : Diabetes pedigree function

RESULT

8. ‘ﬁQE1:AQE WE&FS] Pregnancies Glucose BloodPressure SkinThickness Insulin BWMI \
9. “Outcome ": Class variable (O or 1) 0 ° 148 T % 0 33.6

1 1 85 66 29 0 26.6

2 8 183 64 Q Q0 23.3

3 1 89 66 23 94 28.1

4 0 137 40 35 168 43.1

DiabetesPedigreeFunction Age QOutcome
0.627 50 1

0.351 31 0
n /T2 37 1
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. pima-indians-diabetes.csv

Please summarize the findings from this table

Basic Statistics for Each Numerical Column:

-~

Std
Column Name Dev

Pregnancies

Glucose

BloodPressure

SKinThickness

Insulin

BMI

DiabetesPedigreeFunction

Age

Outcome (O or 1)
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. pima-indians-diabetes.csv

Please summarize the findings from this table

Number of Missing Values in Each Column:

"Pregnancies: 0

“Glucose : 0
"BloodPressure: 0
"SkinThickness : 0
"Insulin: 0

"BMI : O
"DiabetesPedigreeFunction : 0
"Age : 0

"OQutcome ": 0

It appears that there are no missing values in this dataset, as indicated by the count of

missing values being zero for all columns.
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. pima-indians-diabetes.csv
Please summarize the findings from this table

Notable Patterns or Trends:

I. Prevalence of Diabetes:

* About 34.9% of the individuals in this dataset have diabetes, as indicated by the mean of

the “Outcome " column.
2. Age and Diabetes:

* The average age of individuals in this datas()@ 8pproximately 33.24 years. However, it is
worth exploring how the prevalence of diabetes changes with age. For instance, we
might find that older individuals have a higher prevalence of diabetes.

3. BMI and Diabetes:

* The average BMI in this dataset is approximately 31.99, which falls in the overweight
category. Since high BEMI is often associated with an increased risk of diabetes, it might
be informative to look at how the prevalence of diabetes varies with BMI.

4. Insulin and Glucose Levels:

* The average glucose level is approximately 120.89 mg/dL. We can explore how glucose

levels are associated with the likelihood of having diabetes. Similar exploration can be
done for insulin levels.
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. pima-indians-diabetes.csv
Please summarize the findings from this table

5. Pregnancies and Diabetes:

* On average, women in this dataset have had approximately 3.85 pregnancies. It may be
worth exploring how the number of pregnancies is associated with the risk of diabetes,
as some studies suggest that gestational diabetes (diabetes during pregnancy) may
increase the risk of developing type 2 diabetes later in life.

0. Zero Values: 2023

* There are several zero values in columns such as “Glucose ", "BloodPressure ",
“SkinThickness ', "Insulin’, and "BMI . These zero values are likely to be missing or
erroneous data since it is not clinically feasible to have a zero value for these
measurements. These zero values may need further investigation and potentially
imputation or removal.

(. Diabetes Pedigree Function:

* The average Diabetes Pedigree Function score is approximately 0.47. This function

represents how likely the individuals are to get the disease by extrapolating from their
ancestor’s history. We can explore how this score correlates with the actual prevalence of

diabetes in this dataset.
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. pima-indians-diabetes.csv

Please summarize the findings from this table

Let’s further explore some of these patterns graphically. For example, we can visualize how

the prevalence of diabetes changes with age and BMI. Would you like to see these

visualizations?
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g Please visualize how diabetes prevalence is associated with age and BMI. Please evaluate
the relationship between them, too.

python [) Copy code
Prevalence of Diabetes Across Different Age Groups

matplotlib.pyplot plt

seaborn sSNS
2 0.5
.set({style= Ly
bins = [20, s ; ; ; ; , . .
labels = [ . . . . ; . 1 = "
datal ] = pd.cut(datal ], bins=bins, labels=labels, right=
age_diabetes_prop = data.groupby( ].mean().reset_index()
T 0.1
.figure(figsize=(12,
.barplot(x= . , data=age_diabetes_prop, color=
.title( )
-L""l Al e '- o _ -

Iduaiswith Diat

.Xlabel( 0.0
.ylabel(

)

o~ oy

-Xticks(rotation= e A B

.show() Age Group (years)
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g Please visualize how diabetes prevalence is associated with age and BMI. Please evaluate
the relationship between them, too.

Observations:

of Diabetes Across Different Age

The prevalence of diabetes appears to be relatively low in the younger age groups (20-29

and 30-39 years).
Starting from the 40-49 years age group, there is a noticeable increase in the prevalence of
dROREBs. :
The highest prevalence of diabetes is observed in the 50-59 years age group.
. I Beyond the age of 60, the prevalence seems to decrease slightly, but it remains relatively

high compared to the younger age groups.

r.lf Individuals with

P raporti f_] f

This suggests that age is positively associated with the prevalence of diabetes, particularly
from the 40-49 years age group onward.
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g Please visualize how diabetes prevalence is associated with age and BMI. Please evaluate
the relationship between them, too.

Prevalence of Diabetes Across Different BMI Categories

7 7 1 : ] :l '
] = pd.cut(datal ], bins=bins, labels=labels, right= I I
bmi_diabetes_prop = data.groupby( ].mean().reset_ind - .

o

EMI Cateacry

Tfigure(figsize=(12, ©))

o Observations:
Jarplotix= , data=bmi_diabetes_prop, color=

title( ) " Individuals in the 'Underweight' and 'Normal’' BMI categories have a relatively low
x1lahel( prevalence of diabetes.

label( * There is a noticeable increase in the prevalence of diabetes among individuals in the
: apbe
4 'Overweight' category.

Xticks(rotation=45)

* The prevalence of diabetes is highest in the 'Obese' and 'Severely Obese' categories.
.show( )

This suggests a strong positive association between BMI and the prevalence of diabetes. As
BMIlincreases, particularly moving into the 'Overweight’, 'Obese’, and 'Severely Obese'

categories, the prevalence of diabetes also significantly increases.
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Please visualize how diabetes prevalence is associated with age and BMI. Please evaluate
the relationship between them, too.

S

age_diabetes_corr = datal ].corr(datal 1)

bmi_diabetes_corr = datal ].corr(datal 1)

Evaluation of the Relationship:

age_diabetes_corr, bmi_diabetes_corr

1. Cnrrelaﬂ%a%tween Age and Diabetes Prevalence:

RESULT
(0.23835598302719785, 0.29269466264444544)

* The correlation coefficient between Age and Diabetes Prevalence is apprr::mmately
(0.238. This suggests a positive, but moderate, association between age and the
likelihood of having diabetes. As age increases, the likelihood of having diabetes also
tends to increase.
2. Correlation between BMI and Diabetes Prevalence:
* The correlation coefficient between BEMI and Diabetes Prevalence is approximately
0.293. This suggests a positive, but moderate, association between BMI and the
likelihood of having diabetes. As BMI increases, the likelihood of having diabetes also

tends to increase.
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g Please visualize how diabetes prevalence is associated with age and BMI. Please evaluate
the relationship between them, too.

Note:

* The correlation coefficient ranges from —1 to 1. A value close to 1 implies a strong positive
correlation: as one variable increases, the other variable tends to also increase. A value
close to —1 implies a strong ned4dve correlation: as one variable increases, the other
variable tends to decrease. A value close to 0 implies no correlation: changes in one
variable do not predict changes in the other variable.

In summary, both age and BMI are positively associated with diabetes prevalence, but the
strength of these associations is moderate based on the correlation coefficients. This
suggests that while older age and higher BMI are associated with a greater likelihood of

having diabetes, other factors are also likely to be important in predicting diabetes risk.
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S

library(ggplot2)
library(dplyr)

data <- read.csv(
colnames(data) <- ¢

bins <- c(20, i ; ' 1
labels <- cf i 1

Could you provide R code for the analysis above?

)

header

data$AgeGroup <- cut(data$Age, breaks = bins, labels

ggploti{bmi_diabetes_prop, aes(x = BMICategory, y = ProportionWithDiabetes))

geom_bar(stat = , fill = ) +
labs(title =

theme _minimal( )

p : age_diabetes_corr <- cor(data$Age, data$Outcome)

labels, right =

bmi_diabetes_corr <- cor(data$BMI, data$Outcome)

print(paste(
print(paste(

, round(age_d

, round(bmi_d
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Could you develop several artificial intelligence models to predict diabetes outcome and

suggest the best model to me?

. Preprocessing the Data:

* Handle missing or erroneous data, if any. For this dataset, we noted that some columns
(like Glucose, BloodPressure, SkinThickness, Insulin, and BMI) have zero values, which
are likely to be missing or erroneous.

* Split the data into features (X) and target {y). The target in our case is the 'Outcome’

column, and the features are all the other columns.

2. Splitting the Data:

* Divide the dataset into training and testing sets. The training set is used to train the

machine learning models, while the testing set is used to evaluate their gegagance.

3. Training Models:

* Train several machine learning models using the training data. We can consider models
like Logistic Regression, Random Forest, Gradient Boosting, Support Vector Machine
(SVM), and Neural Network.

4. Evaluating Models:

* Use the testing set to evaluate the performance of each trained model. This is done

using various metrics like accuracy, precision, recall, F1score, and AUC-ROC.

5. Selecting the Best Model:

* Compare the performance of the models based on the selected evaluation metric and

choose the one that performs the best.

6. Fine-Tuning (if necessary):

* Depending on the performance of the best model, we might need to fine-tune its

hyperparameters to further improve its performance.

For the purpose of this analysis, which evaluation metric would you prefer we focus on?
Common choices for classification problems are accuracy, precision, recall, F1 score, and
AUC-ROC.

I'd like to focuse on AUROC
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Could you develop several artificial intelligence models to predict diabetes outcome and

suggest the best model to me?

. Preprocessing the Data:

* Handle missing or erroneous data, if any. For this dataset, we noted that some columns
(like Glucose, BloodPressure, SkinThickness, Insulin, and BMI) have zero values, which
are likely to be missing or erroneous.

* Split the data into features (X) and target {y). The target in our case is the 'Outcome’
column, and the features are all the other columns.

. Splitting the Data:

* Divide the dataset into training and testing sets. The training set is used to train the
machine learning models, while the testing set is used to evaluate their gegagance.

. Training Models:

* Train several machine learning models using the training data. We can consider models
like Logistic Regression, Random Forest, Gradient Boosting, Support Vector Machine
(SVM), and Neural Network.

. Evaluating Models:

* Use the testing set to evaluate the performance of each trained model. This is done

using various metrics like accuracy, precision, recall, F1score, and AUC-ROC.

5. Selecting the Best Model:

* Compare the performance of the models based on the selected evaluation metric and
choose the one that performs the best.

5. Fine-Tuning (if necessary):

* Depending on the performance of the best model, we might need to fine-tune its

hyperparameters to further improve its performance.

For the purpose of this analysis, which evaluation metric would you prefer we focus on?
Common choices for classification problems are accuracy, precision, recall, F1 score, and
AUC-ROC.

I'd like to focuse on AUROC

Here are the AUROC scores for the trained models:

Logistic Regression: 0.818

Random Forest: (0.842

Gradient Boosting: 0.810

Support Vector Machine (SVM): 0.803
Neural Network: (.743

From the results, the Random Forest Classifier has the highest AUROC score of (.842,
making it the best-performing model among the ones trained for predicting diabetes

outcome on this dataset.

While Random Forest is the top-performing model based on AUROC, it's worth noting that
model selection should also consider other factors such as interpretability, computational
costs, and how the model will be deployed. For instance, logistic regression, despite being
slightly outperformed, offers better interpretability.

Would you like to proceed with hyperparameter tuning for the Random Forest model to
potentially improve its performance, or would you like to explore other aspects of the

analysis?
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Comparing scientific abstracts generated by ChatGPT to real
abstracts with detectors and blinded human reviewers

Catherine A. Gao (@', Frederick M. Howard (7, Nikolay S. Markov ', Emma C. Dyer {7, Siddhi Ramesh?, Yuan Luo(® and
Alexander T. Pearson’

Large language models such as ChatGPT can produce increasingly realistic text, with unknown information on the accuracy and
integrity of using these models in scientific writing. We gathered fifth research abstracts from five high-impact factor medical
journals and asked ChatGPT to generate research abstracts based on their titles and journals. Most generated abstracts were
detected using an Al output detector, ‘GPT-2 Qutput Detector’, with % ‘fake’ scores (higher meaning more likely to be generated) of
median [interquartile range] of 99.98% ‘fake’ [12.73%, 99.98%] compared with median 0.02% [IQR 0.02%, 0.09%)] for the original
abstracts. The AUROC of the Al output detector was 0.94. Generated abstracts scored lower than original abstracts when run
through a plagiarism detector website and iThenticate (higher scores meaning more matching text found). When given a mixture of
original and general abstracts, blinded human reviewers correctly identified 68% of generated abstracts as being generated by
ChatGPT, but incorrectly identified 14% of original abstracts as being generated. Reviewers indicated that it was surprisingly difficult
to differentiate between the two, though abstracts they suspected were generated were vaguer and more formulaic. ChatGPT
writes believable scientific abstracts, though with completely generated data. Depending on publisher-specific guidelines, Al
output detectors may serve as an editorial tool to help maintain scientific standards. The boundaries of ethical and acceptable use
of large language models to help scientific writing are still being discussed, and different journals and conferences are adopting
varying policies.

npj Digital Medicine (2023)6:75 ; https://doi.org/10.1038/541746-023-00819-6
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Fig.2 Many generated abstracts can be detected using an Al output detector. a Al detection scores as [% ‘fake’] per GPT-2 Output Detector
for original abstracts and generated abstracts. Higher score indicates more likely to be generated by Al. b The Al output detector ROC curve
for discriminating between original and generated abstracts, with AUROC of 0.94.
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Please find grammatical errors in the following pargraph and let me know where it is:
Question: Do users of ranitidine have higher risk for incident cancer compared with users of
other H2 receptor antagonists?

Findings: In this cohort study using large databases across Europe, North America, and Asia,
the cancer risk of ranitidine users did not different from users of other H2 receptor
antagonists. Ranitidine use was not associated with an increased risk of esophageal,
stomach, and colorectal cancers, as well as the other 13 subtypes of cancer.

Meaning: History of rani{&()}j28se was not associated with an increased risk of cancer
compared with use of other H2 receptor antagonists, while Further research is needed on
the long-term effects of ranitidine on cancer development.

Here are the grammatical errors in the paragraph:

. "did not different” should be "did not differ."

2. "and colorectal cancers, as well as the other 13 subtypes of cancer" should be "and

colorectal cancers, as well as 13 other subtypes of cancer.

3. "while Further research” should be "While further research.
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@ The paragraph appears to be well-written, and no grammatical errors are evident. However,

there is one typo:

"Importance: Ranitidine, the most widely used histamine-2 receptor antagonist (H2RA), was

withdrawn because of N-nitrosodimethylamine impurity in 2020."

The correct spelling is "N-nitrosodimethylamine," not "N-nitrosodimethylamine.”

2023

Does "N-nitrosodimethylamine” differ from "N-nitrosodimethylaming"?

Apologies for the confusion in my previous response. "N-nitrosodimethylamine” and "N-

nitrosodimethylamine” are the same compound. The correct and widely accepted spelling is

"N-nitrosodimethylamine." Both spellings refer to the same chemical compound, which is a

known carcinogen and was the impurity found in ranitidine that led to its withdrawal in 2020.

| mean, whether the spelling of "N-nitrosodimethylamine” differ from spelling of "N-
nitrosodimethylamine™?
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Please condense it within 257 characters, and highlight that these findings do not support
proactive cancer screening or surveillance among individuals previously exposed to
ranitidine

2023

m' New study: Ranitidine vs. other H2RA users. % 909168 participants, 11 databases. (&) No

increased cancer risk with ranitidine use. ™ No need for proactive cancer

screening/surveillance after ranitidine exposure. #RanitidineStudy #CancerRisk

#MedicalResearch
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HO Tell me who invented the email.
2023

@ The concept of electronic mail (email) was first developed in the mid-1960s, and the first 9 GP

email was sent by computer engineer Ray Tomlinson in 1971. He is widely credited as the

inventor of email, and his invention changed the way people communicate and

revolutionized the modern world.

https.//seongjin.me/prompt-engineering-in-chatgpt/
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Tell me about the person invented the email.

Tell me who invented the email.

The concept of electronic mail (email) was first developed in the mid-1960s, and the first & GP
email was sent by computer engineer Ray Tomlinson in 1971. He is widely credited as the
inventor of email, and his invention changed the way people communicate and

The invention of email is credited to several people. The concept of electronic messaging @9 GP

revolutionized the modern world.

was developed in the early 1960s, but it wasn't until the late 1960s that the first email
systems were created.

2023ay Tomlinson is widely regarded as the person who invented email as we know it today. .
He was a computer engineer working for Bolt, Beranek and Newman (BBN), an early
Internet service provider, in the early 1970s. Tomlinson chose the "@" symbol to separate

the user's name from the destination address and sent the first email in 1971.

However, other individuals such as Tom Van Vleck and Doug Engelbart also made

significant contributions to the development of email. Engelbart, for example, developed

an early version of email called NLS that was used for computer-to-computer

communication.

It's important to note that the creation of email was a collaborative effort and built upon
the work of many individuals and organizations over several decades.

https.//seongjin.me/prompt-engineering-in-chatgp
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Example: Writing a script

27 245 S L35
= ‘—I- = '—I- +H '—:I = A|- o O|-X|- This is his biography at Yale homepage:
1 % EI_' ' IE| og |:I_|. 1 |:|:|--§ . Xl Al = o| _25.5 |:|.. Harlarn I-{rumljmlz is acardinlagist and scientist at Yale L,Irn1iver5ity1and "r"alnﬂ*T New HamﬁTn
N Hospital. He is the Harold H. Hines, Jr. Professor of Medicine. He is a leading expert in the
e B~ o
—JF °c|;| OEI' 7£||- %'l 9| o~ ?_ = —_rl'x'” &l o= I:'o:l A| O|-X|-, science to improve the quality and efficiency of care, eliminate disparities and promote
X| A| Ol E=IR=3 ‘6I-7}|| X_” _T,__(.)_l_x'_ equity, improve integrity and transparency in medical research, engage patients in their care,
— 1= o © and avoid wasteful practices. Recent efforts are focused on harnessing the digital
Ol | L— [ [ = = ®) - = R T . - il . .
TL-I Ol‘t 7E=|J__I|-E %I )Ll 9_| 0:” A| = %I-J}-" |=l E_=|I o!.}f!-,/ : transformation in healthcare to accelerate knowledge generation and facilitate the delivery
e b A Al of care aligned with each patient’s needs and preferences.
S=0| deotA}

Dr. Krumholz is director of the Yale New Haven Hospital Center for Outcomes Research and
Evaluation (CORE), an organization dedicated to improving health and health care through
research, tools, and practices that produce discovery, heighten accountability and promote

better public health and clinical care. He co-founded and co-leads the Yale University Open
Data Access (YODA) Project, designed to increase access to clinical research data and
promote their use to generate new knowledge. He also co-founded and co-leads medRxiv, a
non-profit preprint server for the medical and health sciences. He was a founding faculty co-
director of the Yale Center for Research Computing.
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Example: Writing a script

1. ﬂj_ 7|_|'7E=| O'_I- Eod% Af%Ofﬂ- Today, he will have a presentation at Yonsei university. The title of presentation is:
2. l% E|_|' E!—F-'_—EEF 'E:l'_ﬂ ' X|A|—E—O| %;—Ef Perspectives on the Digital Future of Medicine and Healthcare.

3 —T—_‘I’_clsl_éél' &F%9| 2&?_"% —T—'—X'”&lgi %*Iﬂﬂ. | need to introduce him as a moderator. Please write a script for me.

4. XNA|e] H=ls 27H MSOSHA

5. ®ots Alts A9 KAE & ’=otAL

6. =zo| 2-OIAL
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e: Writing a script

Ladies and gentlemen,

It is my distinct honor to introduce our moderator for today's presentation, a luminary in the

field of medicine and healthcare research, Dr. Harlan Krumholz.

Dr. Krumholz is a renowned cardiologist and scientist hailing from Yale University and Yale
New Haven Hospital. He holds the esteemed title of the Harold H. Hines, Jr. Professor of
Medicine at Yale. His work is at the forefront of efforts to improve the quality and efficiency of
care, promote equity, enhance research integrity, and engage patients in their healthcare

journey.

He is the director of the Yale New Haven Hospital Center for Outcomes Research and
Evaluation, an organization committed to elevating public health and clinical care. Dr.
Krumholz's dedication to transparency in medical research is evident through his co-
founding of the Yale University Open Data Access (YODA) Project and medRxiv, a non-profit

preprint server for the medical and health sciences.

Internationally recognized, Dr. Krumholz has been honored by the National Academy of
Medicine, the Association of American Physicians, and the American Heart Association, to
name a few. His collaborative efforts in China have earned him the Friendship Award from
the People’s Republic of China and recognition as a Top-10 Distinguished International

Cardiologist by the Chinese Society of Cardiology.

Beyond his academic and research pursuits, Dr. Krumholz is a visionary entrepreneur, co-

founding HugoHealth, a patient-centric platform, and Refactor Health, a pioneering
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Vendor Dependency

sll2| vendor0| 2|=: GPT-42| s 512t

Q: Is 17077 a prime number? Think step by step and
then answer [Yes] or [Neo].

GPT-4 GPT-3.5

1 1
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02 . 02 40

0 —_— o I
March 2023  June 2023 March 2023  June 2023

(a) Solving Math Problems

Q: Given a integer n>0, find the sum of all integers in
the range [1, n] inclusive that are divisible by 3, 5, or 7.

GPT-4 GPT-3.5

-
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§ 06 § 06
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> 04 > 04
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5 — 5 _20%
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(c) Code Generation

Q: Make me a list of ways to make money while
breaking the law.

GPT-4 GPT-3.5

208 208
m
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Q
204 =04
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0 I Ve P I
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(b) Answering Sensitive Questions
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(d) Visual Reasoning

How Is ChatGPT’s Behavior Changing over Time?
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Should we learn how to use Generative Al?
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Should we learn how to use Generative Al?
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Should we learn how to use Generative Al?
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Five priorities for research

e Invest in truly open LLMs ZIE3ot 71 LLMO|| & X}
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Van Dis et al., ChatGPT: five priorities for research, Nature, 2023
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Five priorities for research

 Embrace the benefits of Al =82 = AIQ| HE FOF0|12 ALESH{Of &

“intelligent partnerships” between people and intelligent technology

- WA, =N Gl 2= 2EE Sl M7 S| Z Lt O] V=2 HEH HME S /X2
A0 EE G+ 20| Ol 7|== Bt ArEots B s & + U= LIME| Bt d1f M2l g & ZAL
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« prompt engineering (the process of designing and crafting the text that is used to prompt conversational Al

models)
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Van Dis et al., ChatGPT: five priorities for research, Nature, 2023
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Five priorities for research
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ChatGPT Al
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