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U S M L E (RERRChatGPTETE & 1EIE)
(Zero-shot reasoning)
A 32-year-old woman, gravida 4, para 4, comes to the office 1 week after an uncomplicated vaginal delivery
of a 3020-g (6-Ib 11-0z) term female newborn. She has been breast-feeding her daughter since birth. The
patient says that she cries frequently for no reason, is irritable, and is worried about her infant’'s long-term
health. The patient reports having no appetite. She says that her husband and mother say that she is
depressed and think she is anorexic. She has not had auditory hallucinations, confusion, or disorientation.

She denies suicidal or homicidal ideation. She has a history of postpartum psychosis following the birth of
her first child; she had no similar symptoms after the births of her second and third children. Based on the

patient’s history, which of the following factors is strongly tied to a poor prognosis (UL & & 1E
[#Z 28) ? Explain why the other options are incorrect. GEffiE B T EH X R 1ETE)
(A) Anorexia (B) Depressed mood (C) History of psychosis (D) Multiparity

C = EfEZ 2. The factor in this patient's history that is most strongly @
tied to a poor prognosis is the history of postpartum psychosis.......

Option (A) Anorexia ~[ETERE A ...

Option (B) Depressed mood ~IEfEEA....
Option (D) Multiparity, ~EfEE ...
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%. you are a statistician. i will give you my research question and you will suggest statistic
- methods for me.

1. Grangerix

2.DID
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r%. how to perform Granger Causality Analysis in stata i .
ranger Causality Analysis

To perform Granger causality analysis in Stata, you can use the ~var- command. Here

are the general steps to follow:

1. Load your data into Stata and make sure it is in a time-series format.

2. Open a new do-file in Stata.
3. Use the ~var- command to estimate a vector autoregression (VAR) model. The

3@% Al Z__J%: syntax is:

) Copy code

= BEg/\ var dependent_var independent_var , lags(#) robust
iR GrangerE R 4
o] FAM . . .
/1 Replace - dependent_var™ with the variable you want to predict (e.g.,, COVID-19 cases)

and - independent_var" With the variable you think might be causing changes in the
dependent variable (e.g., social media keywords). The ~1ags™ option specifies the
number of lags to include in the model. The - robust™ Option specifies that you want
to use robust standard errors.
4. Test for Granger causality using the Wald test. The syntax is:
css ) Copy code
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1. Dilated aortic root, 46.2 mm and_asgen_dj,ng_agﬂaj&,ﬁ_l

mm. 2. Thickened aortic valve with moderate aortic
regurgitation. 3. Mild mitral annular calcification. 4.
Thickened mitral valve with trivial mitral regurgitation. 5.
Mildly dilated left ventricle with normal wall thickness. 6.
Preserved left ventricular systolic function. 7. Left
ventricular diastolic dysfunction, grade II. 8. Normal
pulmonic valve with trivial regurgitation. 9. Normal
tricuspid valve with trivial  regurgitation. 10. Normal
pulmonary artery systolic pressure. 11. Normal RV size,
wall thickness and systolic function. 12. Mildly dilated left
atrium (LA volume index 40 ml/m”2) and normal right atrial
size. 13. No pericardial effusion.
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Dilated aortic root, 37 mm and dilateol_as_gen_ding_agad
Normal aortic valve with no aortic regurgitation.

Ickened mitral valve with mild mitral regurgitation. 4.

Normal pulmonic valve with trivial regurgitation. 5.
Normal tricuspid valve with mild regurgitation. 6. Normal
pulmonary artery systolic pressure 7. Normal left
ventricular size, mild concentric left ventricular
hypertrophy with normal left ventricular systolic function.
8. Normal left ventricular diastolic function. 9. Normal
atrial size. 10. VPC's during exam.

1. Dilated aortic root, 46.2 mm ancl_amn_ding_ag_ﬂaj&,ﬁ]

mm. 2. Thickened aortic valve with moderate aortic
regurgitation. 3. Mild mitral annular calcification. 4.
Thickened mitral valve with trivial mitral regurgitation. 5.
Mildly dilated left ventricle with normal wall thickness. 6.
Preserved left ventricular systolic function. 7. Left
ventricular diastolic dysfunction, grade Il. 8. Normal
pulmonic valve with trivial regurgitation. 9. Normal
tricuspid valve with trivial regurgitation. 10. Normal
pulmonary artery systolic pressure. 11. Normal RV size,

wall thickness and systolic function. 12. Mildly dilated left
atrium (LA volume index 40 ml/m”2) and normal right atrial

size. 13. No pericardial effusion.

1. Dilated gscending aorta 35.4 mm| 2. Thickened aortic
valve with  mild aortic regurgitation. 3. Thickened mitral valve
with mild mitral regurgitation. 4. Normal left ventricular size.
5. Mild concentric left  ventricular hypertrophy. 6. Normal left
ventricular systolic function. 7. No LV segmental wall motion
abnormalities. 8. Left ventricular diastolic dysfunction,
indeterminate. 9. Moderately dilated left atrium. 10. Normal
tricuspid valve with trivial regurgitation. 11. Normal
pulmonary artery systolic pressure. 12. Normal pulmonic valve
with trivial regurgitation. 13. Normal RV size, wall thickness
and systolic function. 14. Normal right atrial size. 15. No
pericardial effusion.
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PROMPT : PROMPT :

Dilated aortic root, 37 mm and dilated.asmn.dlng_amd 1. Dilated @scending aorta 35.4 mm| 2. Thickened aortic
mQ mm 2.

. : : L valve with mild aortic reqgurgitation. 3. Thickened mitral valve
Normal aortic valve with no aortic regurgitation gurg

d mitral | ith mild mitral e 4 with mild mitral regurgitation. 4. Normal left ventricular size.
. Thickened mitral  valve with mild mitral regurgitation. 5. Mild concentric left  ventricular hypertrophy. 6. Normal left

Normal pulmonic valve with  trivial regurgitation. 5. ventricular systolic function. 7. No LV segmental wall motion
Normal tricuspid valve with mild  regurgitation. 6. Normal | | abnormalities. 8. Left ventricular diastolic dysfunction,
pulmonary artery systolic pressure 7. Normal left indeterminate. 9. Moderately dilated left atrium. 10. Normal
ventricular size, mild concentric left ventricular tricuspid valve with trivial regurgitation. 11.  Normal

hypertrophy with normal left ventricular systolic function. pulmonary artery systolic pressure. 12. Normal pulmonic valve

8. Normal left ventricular diastolic function. 9. Normal with trivial regurgitation. 13. Normal RV size, wall thickness
afrial size. 10. VPC's during exam L and systolic function. 14. Normal right atrial size. 15. No

pericardial effusion.

the diameter of ascending aorta from above text : |the diameter of ascending aorta from above text :

Zero-shot prompt:
MAChatGPTIEIRGE BB OB E KRS P
ascending aorta E1&
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. Calcified aortic valve with mild aortic regurgitation. 2. Thickened 138.9 mm
. Dilated aortic root, 41.0 mm and ascending aorta 43.58 mm. 2. Ci43.58 mm
. Thickened aortic valve with no aortic regurgitation. 2. Dilated asc 38 mm

. Thickened aortic valve with mild aortic regurgitation. 2. Dilated a<38.1 mm
. Dilated aortic root, 46 mm and dilated ascending aorta 42 mm. 2. 42 mm

. Thickened aortic valve with mild aortic regurgitation. 2. Dilated a(48.7 mm
. Atrial arrhythmia during exam. 2. Dilated ascending aorta, 43 mm.43 mm

. Thickened and calcified aortic valve with trivial aortic regu rgitatic:r3?.2 mm
. Dilated ascending aorta 41.6 mm and aortic root, 38.4 mm. 2. Thi41.6 mm
. Dilated ascending aorta 44 mm. Thickened aortic valve with moder 44 mm

. Thickened and calcified aortic valve with mild aortic regurgitation '42.3 mm
. Dilated ascending aorta 39 mm. 2. Thickened and calcified aortic 39 mm

. Thickened aortic valve with trivial aortic regurgitation. 2. Dilated {43.5 mm
. Dilated aortic root, 43 mm.Dilated ascending aorta 44.8 mm. 2. N44.8 mm
. Dilated aortic root, 42 mm. Dilated ascending aorta 39.8 mm. 2. 139.8 mm
. Thickened aortic valve with mild aortic regurgitation. 2. Dilated a<49 mm

. Thickened aortic valve with trivial aortic regurgitation. 2. Normal 42 mm

. Thickened aortic valve with moderate aortic regurgitation. 2. Dila 41 mm

r
Fitladme] s mmmpm m] tim o w o gt VD (VT vmpmns ) Thimlrmem mm] oo yrm Ivrm vnrid b O 0T e s

38.9
43.58
38
38.1
42
48.7
43
37.2
41.6
44
42.3
39
43.5
44.8
39.8
49
42
41
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COVID-19EE&(#E (real world data)
iHFSamI 3E R ST (SCI papers, n=7402)

Clinical Characteristics and Outcomes

Healthcare delivery;.
Mental & Physical Health
Social Factors

Viruses and Drug discovery

eArtiﬁcial Intelligence and

n QOVIDJS Environmental Factors and
Image Processing

Patients with Special Needs Dissase Cutbreaks
i COVID-19 Vaccine Advisory
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Prompt Engineering AR #i5%

1. BBIEE 2. ~EHEE
Context (&=

Descriptor (¥&3t)

= AN

Instruction (1§
Sample (F541)
Thoughts (K077 HR)




1 BtEisE flaE + HEW

| want you to act as an English translator,  Context (B =
spelling corrector and improver. | will speak to you with

english key words and you show me the corrected and .

improved version of my text in English. | want you to Instruction (TE%
replace my simplified AO-level words and sentences with

more beautiful and elegant, upper level English words . R
and sentences. Keep the meaning same, but make them Desc I’IptOl’ GL Q_I_L)
more academic. | want you to only reply the correction,

the improvements and nothing else, do not write

explanations. Thoughts (FY/Nz5%ER)
My keywords include “IEfR/R AP X F
(P~ =B BhEiErE”




et iE

| want to act as a Statistician. | will
provide you with detalls related with
statistics. You should be knowledge
of statistics terminology, statistical

Context (B=

Instruction (&<

distributions, confidence interval : 3
’ ’ Descriptor (Hf 4

probabillity, hypothesis testing and ptor (#)

statistical charts. Thoughts (FY/Nz5%ER)

My first request is: 448 5T R 28
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The World's First
Robot Lawyer

The DoNotPay app is the home of the world's first

._. ..
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You will be responsible for researching a topic of your choice

and presenting the findings in a paper or article form.
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Your task Is to identify reliable sources, organize the material in
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Sure, | can help you with that. Here's an outline to get
started:

|. Introduction

A. Background on Home Care

B. Importance of Reducing Hospital Readmissions
C. Purpose of the Article

ll. Literature Review

A. Definition of Hospital Readmissions

B. Predictive Factors for Hospital Readmissions
1. Patient Demographics and Characteristics
2. Clinical Factors
3. Home Care Factors

C. Risk Assessment Models for Hospital Readmissions
1. LACE Index
2. HOSPITAL Score
3. LACE+ Index
4. Other Models

D. Limitations of Current Risk Assessment Models

A0

1IN 1173
lll. Methodology
A. Study Design
B. Data Collection
C. Data Analysis

V. Results

A. Descriptive Statistics

B. Predictive Factors for Hospital Readmissions
C. Performance of Risk Assessment Models

V. Discussion

A. Comparison of Predictive Factors with Previous Studies
B. Comparison of Risk Assessment Models with Previous
Studies

C. Limitations of the Study

D. Implications for Home Care Practice

VI. Conclusion

A. Summary of Findings

B. Future Directions for Research
C. Clinical Implications
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lll. Methodology
A. Study Design
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started:

1. LACE Index D. Implications for Home Care Practice

: 2. HOSPITAL Score
[ 3. LACE+ Index
4. Other Models
[ D. Limitations of Current Risk Assessment Models

VI. Conclusion

A. Summary of Findings

B. Future Directions for Research
C. Clinical Implications
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And Alex Zhavoronkov, chief executive of Insilico Medicine, an Al-powered drug-
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Sure, | can help you with that. Here's an outline to get
started:

l. Introduction

A. Background on Home Care

B. Importance of Reducing Hospital Readmissions
C. Purpose of the Article

ll. Literature Review

A. Definition of Hospital Readmissions

B. Predictive Factors for Hospital Readmissions
1. Patient Demographics and Characteristics
2. Clinical Factors
3. Home Care Factors

C. Risk Assessment Models for Hospital Readmissions
1. LACE Index
2. HOSPITAL Score
3. LACE+ Index
4. Other Models

D. Limitations of Current Risk Assessment Models

L. Methodology I
1A Study Design I
| B. Data Collection [
] C. Data Analysis [
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V. Results

A. Descriptive Statistics

B. Predictive Factors for Hospital Readmissions

C. Performance of Risk Assessment Models

V. Discussion

A. Comparison of Predictive Factors with Previous Studies
B. Comparison of Risk Assessment Models with Previous
Studies

C. Limitations of the Study

D. Implications for Home Care Practice

VI. Conclusion

A. Summary of Findings

B. Future Directions for Research
C. Clinical Implications
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'r%. how to perform Granger Causality Analysis in stata

To perform Granger causality analysis in Stata, you can use the ~var~ command. Here

are the general steps to follow:

1. Load your data into Stata and make sure it is in a time-series format.

2. Open a new do-file in Stata.
3. Use the ~var- command to estimate a vector autoregression (VAR) model. The

syntax is:

) Copy code

var dependent_var independent_var , lags(#) robust

Replace - dependent_var" With the variable you want to predict (e.g., COVID-19 cases)
and - independent_var- With the variable you think might be causing changes in the
dependent variable (e.g., social media keywords). The ~1ags* option specifies the
number of lags to include in the model. The ~ robust™ Option specifies that you want
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A. Definition of Hospital Readmissions

B. Predictive Factors for Hospital Readmissions
1. Patient Demographics and Characteristics
2. Clinical Factors
3. Home Care Factors

C. Risk Assessment Models for Hospital Readmissions
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4. Other Models
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| IV. Results

J A. Descriptive Statistics

] B. Predictive Factors for Hospital Readmissions
|C. Performance of Risk Assessment Models

V. Discussion

A. Comparison of Predictive Factors with Previous Studies
B. Comparison of Risk Assessment Models with Previous
Studies

C. Limitations of the Study

D. Implications for Home Care Practice

VI. Conclusion

A. Summary of Findings

B. Future Directions for Research
C. Clinical Implications
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