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Hello, World!

Dissertation: Machine Learning for 
Healthcare: Model Development and 
Implementation in Longitudinal Settings 


Co-advised: Jenna Wiens (CS) & Brian 
Denton (IOE) make AI tools more useful for 
physicians and patients.
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Hello, World!

Dissertation: Machine Learning for 
Healthcare: Model Development and 
Implementation in Longitudinal Settings 


Interested in computational approaches to 
make AI tools more useful for physicians 
and patients.
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Potential Conflicts of Interest

Advise startups: utilize AI for problems in healthcare


Patent pending: AI prediction of health outcomes in patients with 
occupational injuries. 
  
Small amount of stock in various technology & healthcare companies. 
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What is AI?
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What is AI?
It is not magic.
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First, some definitions

Artificial Intelligence (AI): intelligence (perceiving, synthesizing, and 
inferring information) demonstrated by machines 

Machine Learning (ML): field of inquiry devoted to understanding and 
building methods that learn (use data to improve performance on a task).

9Adapted from wikipedia



Nesting and overlapping concepts
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AI is ubiquitous in everyday life
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Many industries depend on AI
What routes should we fly? 

When should we service our planes? 

How should we price a product? 

What content should we serve? 

What products should we stock?
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What about Generative AI?
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Generative AI definitions
Generative AI: AI capable of generating data (text, images, etc.) using 
generative models, often in response to prompts.


Large Language Model (LLM): language model able to capable of 
general-purpose language generation and other language tasks.


Foundation Model: a model that is trained on broad data such that it can 
be applied across a wide range of use cases. 

14Adapted from wikipedia
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AI has the potential to advance medicine 

17

AI has techniques to rapidly summarize information, predict outcomes,  
and learn over time


Society has big expectations for AI in medicine 



AI not a typical part of medical education 

Use of AI in medicine is not straightforward


AI tools depend on complicated data and 
workflows that physicians understand


Medical AI adoption increasing


Learners unprepared to use, assess, and 
develop AI tools
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What is a model?
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Connection between AI model types

Descriptive 

Predictive 
AI 

Prescriptive 

Data Visualization 
Data Summarization

Optimization 
Simulation

Machine Learning 
Statistical Modeling

Techniques

Generative 
AI 
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Will it rain tomorrow?

30

Model

what we know prediction
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What’s the probability  
it will rain tomorrow?It is cloudy today.

Predictive



Predictive use of a weather model
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Predictive use of a weather model
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Predictive use of a weather model
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What’s the weather next week look like?
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What’s the weather next week look like?
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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Generative use of a weather model
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ChatGPT = Chatbot + GPT4
Chatbot: developed by OpenAI 
mix of supervised & reinforcement learning


GPT4: Generative Pre-trained Transformer 4 
type of large language model (fancy 
predictive text)


“The quick brown fox jumps over the _____”


Lazy   95% 
Slow     2% 
Fun       1% 
… 
Zyzzyva 0%


Trained on all available text on the internet
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Major issues with large language models
Based on what ever data it was trained on


May not be relevant, accurate, or pleasant


Generative process is inherently stochastic


Response choices and sentence construction depend on sampling distributions randomly


Hard to evaluate and verify


How often will it be right? What is right?
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Clinical AI
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Repurposing Predictive Models
Return to Work
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Our Goal
Predict the work-status over the course of a patient’s recovery.
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Existing return to work models ignore longitudinal 
observations.

62

1
54 days

Gaspar 2017, MCG 2022, MDG 2022

55 y.o. male  
postal worker



What is the value of longitudinal observations in 
return to work prediction?

Do we observe a performance improvement when using longitudinal 
observations collected beyond the time of injury?


Presume longitudinal observations improve predictions in other healthcare 
task.
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Sequential prediction of recovery

Week 0

Diagnoses

Procedures

Prescriptions

Work-status Working Working Working

25y Male Dairy Farmer
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Sequential prediction of recovery

Week 0 1

Diagnoses LB 
Sprain

Procedures

Prescriptions Aspirin

Work-status Working Working Working

25y Male Dairy Farmer
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Sequential prediction of recovery

Week 0 1 2

Diagnoses LB 
Sprain

Procedures Chiro.

Prescriptions Aspirin

Work-status

25y Male Dairy Farmer
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Sequential prediction of recovery

Week 0 1 2 3

Diagnoses LB 
Sprain

Procedures Chiro. Xray

Prescriptions Aspirin Flexeril

Work-status

25y Male Dairy Farmer
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Sequential prediction of recovery

Week 0 1 2 3 4

Diagnoses LB 
Sprain

Procedures Chiro. Xray

Prescriptions Aspirin Flexeril

Work-status Working

25y Male Dairy Farmer
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Sequential prediction of recovery

Week 0 1 2 3 4 5

Diagnoses LB 
Sprain MDD

Procedures Chiro. Xray

Prescriptions Aspirin Flexeril

Work-status Working Working

25y Male Dairy Farmer
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Sequential prediction of recovery

Week 0 1 2 3 4 5 6

Diagnoses LB 
Sprain MDD

Procedures Chiro. Xray MRI

Prescriptions Aspirin Flexeril

Work-status Working Working

25y Male Dairy Farmer
70



Baseline

Experimental setup

71

1

Day 1 2 3 … 14
Diagnoses Ankle 

Sprain
Tendon 
Rupture

Procedures X-ray

Prescriptions Aspirin Aspirin Flexeril … Flexeril

Proposed

55 y.o. male  
postal worker

…

Probability of being 
at work next week

0.59

0.75

Worker’s Compensation 
Claims Data

Ötleş et al. 2022

https://doi.org/10.1093/jamia/ocac130


Results
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Discrimination Calibration

Baseline

Proposed

Ötleş et al. 2022

https://doi.org/10.1093/jamia/ocac130


Constant evaluation is 
fundamental

Prostate cancer

C. difficile infection risk


Sepsis
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Simplified model lifecycle

74

ImplementDevelop Monitor



Simplified model lifecycle
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ImplementDevelop Monitor

Evaluation of prostate cancer pathological outcomes prediction



Internal vs. External 
Validation

Models developed by other 
institutions under perform 

compared to training institution 
specific models

76Ötleş et al. 2022

https://doi.org/10.1097/JU.0000000000002230


Simplified model lifecycle
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ImplementDevelop Monitor

Prospective evaluation of inpatient C. difficile infection risk prediction



Model performance may degrade after 
implementation.

78Davis 2017, Hickey 2013, Minne 2012
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This degradation is often attributed to changes in 
populations & practice that occurs over time.

79Davis 2017, Hickey 2013, Minne 2012
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However, changes in IT infrastructure may also 
affect the prospective performance gap.
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Degradation due to temporal & infrastructure shift.

81Ötleş & Oh et al. 2021

https://proceedings.mlr.press/v149/otles21a/otles21a.pdf


Simplified model lifecycle
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ImplementDevelop Monitor

Prospective evaluation of Epic sepsis model



• Development


• Inputs: vital signs, medication orders, lab 
values, comorbidities, and demographic 
information. 


• Outputs: ICD-9 code indicating diagnosis 
of sepsis - timing 6hrs prior to clinical 
intervention


• Implementation


• Runs every 15 minutes on all patients in 
hospital


• Expected AUROC performance ~ 0.8

Epic Sepsis Model
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Sepsis!

ESM ≥ 6

Wong et al. 2021

https://doi.org/10.1001/jamainternmed.2021.2626


Table 2

Wong et al. 2021

https://doi.org/10.1001/jamainternmed.2021.2626


Confusion Matrix Math

Sepsis
No 

Sepsis

ESM ≥ 6 843 5,948 6,791

ESM < 6 1,709 29,955 31,664

2,552 35,903 38,445

Wong et al. 2021

https://doi.org/10.1001/jamainternmed.2021.2626


Confusion Matrix Math

PPV =
TP

TP + FP
=

843
6791

≈ 12 %

Sepsis
No 

Sepsis

ESM ≥ 6 843 5,948 6,791

ESM < 6 1,709 29,955 31,664

2,552 35,903 38,445

Wong et al. 2021

https://doi.org/10.1001/jamainternmed.2021.2626


Confusion Matrix Math

NNE =
1

PPV
=

6791
843

≈ 8

Sepsis
No 

Sepsis

ESM ≥ 6 843 5,948 6,791

ESM < 6 1,709 29,955 31,664

2,552 35,903 38,445

Wong et al. 2021

https://doi.org/10.1001/jamainternmed.2021.2626


Sepsis 
(No Abx)

Sepsis 
(Abx)

ESM ≥ 6 183 660 843

ESM < 6 679 1,030 1,709

862 1,690 2,552

Confusion Matrix Math

Wong et al. 2021

https://doi.org/10.1001/jamainternmed.2021.2626


Confusion Matrix Math

P(Useful |Correct) =
P(Useful ∩ Correct)

P(Correct)
=

183
843

≈ 22 %

Sepsis 
(No Abx)

Sepsis 
(Abx)

ESM ≥ 6 183 660 843

ESM < 6 679 1,030 1,709

862 1,690 2,552

Wong et al. 2021

https://doi.org/10.1001/jamainternmed.2021.2626


Why such a big difference between 
expected & observed 

performance?



Subtle choice of outcome definition

Development: ICD-9 code indicating diagnosis of sepsis 
 
Our outcome: Health catalyst operational sepsis outcome


Billing lags behind actual clinical care

makes a big difference



All models are wrong, but some are useful…

92

ImplementDevelop Monitor

Evaluate! Evaluate! Evaluate!



Generative AI Tools Being Developed

93

AI Scribe AI Chart Summarization Medical Foundation Models



AI Scribes
Goals: 


Reduce burden of note creation


Facilitate more face-to-face time


Technology:


App records encounter


Recording transcribed & converted to a note 
via LLM


Landscape:


2y ago very hard to build


Now extremely easy to build - hard to validate
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AI Scribes
Goals: 


Reduce burden of note creation


Facilitate more face-to-face time


Technology:


App records encounter


Recording transcribed & converted to a note 
via LLM


Landscape:
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Do AI scribes actually benefit physicians?
TPMG studied an AI scribe


From unnamed vendor


Accessible to a wide range of physicians


As of publication time


3k physicians, 303k encounters


Studied


PJ time 


Time in notes


Note quality

96Tierney et al. 2024

https://catalyst.nejm.org/doi/10.1056/CAT.23.0404


Do AI scribes actually benefit physicians?
TPMG studied an AI scribe


From unnamed vendor
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As of publication time


3k physicians, 303k encounters
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PJ time ↓ 


Time in notes


Note quality
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Do AI scribes actually benefit physicians?
TPMG studied an AI scribe


From unnamed vendor


Accessible to a wide range of physicians


As of publication time


3k physicians, 303k encounters


Studied


PJ time ↓ 


Time in notes ↓


Note quality ~

99Tierney et al. 2024

https://catalyst.nejm.org/doi/10.1056/CAT.23.0404


Takeaways
Generative AI is special case of AI


Having a general understanding of AI aids in understanding generative AI


Models can be used in both a generative and predictive sense


Evaluation is critical in AI


Generative AI is harder to evaluate because the larger amount of use cases


Population biases may be harder to detect
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Most of these tools are still in development

101
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Clinicians need to drive the implementation
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Erkin Ötleş 
X: @eotles 
eotles.com 
eotles@umich.edu

Questions?
Comments? Concerns? Discussion.

http://eotles.com
mailto:eotles@umich.edu


Appendix
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AI Chart Summarization
Goals: 


Reduce burden of chart review


Help highlight relevant info


Reduce irrelevant info


Technology:


LLM operating over all available notes


Some discussion of clinician-in-the-loop


Landscape:


Easy to build very hard to validate
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Example Chart Summarization

106Summarization Example

Year 2024, Month 1: Primary 
Care Visit 

Subjective: 

Chief Complaint: "I'm here 
for my regular check-up. 
I've been doing okay, just a 
bit worried about my blood sugar and blood 
pressure." 
History of Present Illness: Mr. Doe reports 
general good health but has noticed 
increased thirst and occasional headaches. 
Denies any chest pain, shortness of breath, 
or changes in vision. Admits to occasional 
dietary lapses, particularly during family 
gatherings. 
Past Medical History: Type 2 diabetes, 
hypertension, hyperlipidemia. 
Medications: Metformin 1000mg twice daily, 
Lisinopril 20mg daily, Amlodipine 5mg daily, 
Atorvastatin 40mg nightly. 
Allergies: Penicillin - Rash. 
Family History: Father had diabetes and died 
of a heart attack. Mother is healthy. 
Social History: Non-smoker, occasional 
alcohol, works as an accountant, married 
with two children. 

Year 2024, Month 4: Follow-
Up Primary Care Visit 

Subjective: 

Chief Complaint: "I'm here 
for my follow-up. I've been 
trying to follow the diet and take my 
medications as prescribed." 
History of Present Illness: Mr. Doe reports 
some improvement in his daily blood sugar 
readings, which he's been tracking 
diligently. He mentions occasional 
dizziness, which he attributes to the 
increased dose of Lisinopril. No episodes of 
hypoglycemia. He's been adhering to the 
dietary changes but finds it challenging to 
maintain consistency. 
Review of Systems: Positive for occasional 
dizziness. Negative for chest pain, 
shortness of breath, palpitations, urinary 
symptoms, or changes in vision. 
Objective: 

Vitals: BP 128/76 mmHg, HR 72 bpm, Temp 
98.6°F, RR 14/min, Weight 198 lbs. 
Physical Exam: 
General: Appears well-nourished, in no acute

Year 2024, Month 6: 
Endocrinologist Consultation 

Subjective: 

Chief Complaint: "My primary 
care doctor sent me here to 
get my diabetes under better 
control." 
History of Present Illness: Mr. Doe reports 
that his blood sugars have improved since 
his last primary care visit, but he's still 
experiencing fluctuations, particularly 
postprandially. He has been adhering to his 
medication regimen and dietary changes but 
still finds it challenging to keep his blood 
sugars within target ranges consistently. 
Review of Systems: Negative for symptoms of 
hyperglycemia such as excessive thirst or 
urination. Denies hypoglycemia symptoms. No 
blurred vision, chest pain, or shortness of 
breath. 
Objective: 

Vitals: BP 130/80 mmHg, HR 70 bpm, Weight 
196 lbs. 
Physical Exam: 
General: Well-appearing male in no acute 
distress.

Year 2024, Month 9: 
Hospitalization - Admission 
Note 

Admission Date: [Month 9, 
Day 1, Year 2024] 

Subjective: 

Chief Complaint: "I started feeling a 
tightness in my chest while walking up the 
stairs at home." 
History of Present Illness: Mr. Doe, a 58-
year-old male with a history of type 2 
diabetes, hypertension, and hyperlipidemia, 
presents with chest pain that started 
approximately 2 hours prior to admission. 
The pain is described as a tightness in the 
central chest, radiating to the left arm, 
exacerbated by exertion, and partially 
relieved by rest. No associated symptoms of 
dyspnea, palpitations, or syncope. The 
patient denies any recent history of similar 
pain. He took one dose of aspirin at home 
before coming to the hospital. 
Past Medical History: Includes type 2 
diabetes mellitus, hypertension, 
hyperlipidemia, and no prior history of

Year 2024, Month 9: 
Hospitalization - Daily 
Progress Note (Day 2) 

Subjective: 

Chief Complaint: "My chest 
feels much better now." 
Interval History: Mr. Doe reports 
significant improvement in chest discomfort 
following the initiation of medical therapy. 
Denies any new episodes of chest pain, 
shortness of breath, or palpitations. No 
symptoms of nausea, vomiting, or 
diaphoresis. He expresses anxiety about his 
health and the need for potential 
procedures. 
Objective: 

Vitals: BP 138/82 mmHg, HR 76 bpm, Temp 
98.7°F, RR 16/min, O2 Sat 98% on room air. 
Physical Exam: 
General: Appears more comfortable than at 
admission, in no acute distress. 
Cardiovascular: Heart rate regular, no 
murmurs, rubs, or gallops noted. Peripheral 
pulses are intact. 
Respiratory: Clear to auscultation 
bilaterally, no wheezes, crackles, or

Year 2024, Month 10: 
Cardiologist Follow-Up 

Subjective: 

Chief Complaint: "I'm here 
for my post-hospital follow-
up. I've been feeling pretty good since the 
stent placement." 
Interval History: Mr. Doe reports adherence 
to his medication regimen and has not 
experienced any chest pain or significant 
side effects from the medications. He has 
started outpatient cardiac rehabilitation 
and is gradually increasing his activity 
levels. He expresses concerns about managing 
his diet and maintaining a healthy lifestyle 
long-term. 
Review of Systems: Negative for chest pain, 
shortness of breath, palpitations, 
dizziness, or swelling in the legs. Positive 
for occasional fatigue, which he attributes 
to increased physical activity. 
Objective: 

Vitals: BP 128/76 mmHg, HR 68 bpm, Weight 
194 lbs. 
Physical Exam:

Year 2025, Month 1: 
Telephone Encounter with 
Primary Care 

Subjective: 

Chief Complaint via 
Telephone: "I've been 
feeling a bit dizzy lately, especially when 
I stand up too quickly." 
Interval History: Mr. Doe reports general 
well-being with adherence to his medication 
regimen and lifestyle modifications. He 
mentions recent episodes of dizziness, 
primarily upon standing, which started a few 
weeks ago. No history of syncope or near-
syncope. Denies chest pain, palpitations, 
shortness of breath, or leg swelling. 
Review of Systems: Negative for headache, 
visual changes, chest pain, shortness of 
breath, or lower extremity swelling. 
Objective: 

Vitals: Not available due to the nature of 
the encounter. 
Assessment via Telephone: 
The patient's description suggests 
orthostatic hypotension, possibly related to 
antihypertensive therapy.

Year 2024, Month 9: 
Hospitalization - Daily 
Progress Note (Day 3 - Post-
Cardiac Catheterization) 

Subjective: 

Chief Complaint: "I'm 
feeling relieved that the procedure is 
over." 
Interval History: Mr. Doe underwent cardiac 
catheterization earlier today, which 
revealed two partially occluded coronary 
arteries. Percutaneous coronary intervention 
(PCI) with stenting was successfully 
performed. The patient reports feeling 
relieved but is anxious about the recovery 
process and any lifestyle changes that may 
be necessary. Denies chest pain, shortness 
of breath, or any discomfort at the catheter 
insertion site. 
Objective: 

Vitals: BP 130/78 mmHg, HR 72 bpm, Temp 
98.6°F, RR 16/min, O2 Sat 99% on room air. 
Physical Exam: 
General: Awake, alert, and in no acute 
distress. 
Cardiovascular: Regular rate and rhythm, no

Year 2024, Month 9: 
Hospitalization - Discharge 
Summary 

Date of Admission: [Month 9, 
Day 1, Year 2024] 
Date of Discharge: [Month 9, 
Day 5, Year 2024] 

Admitting Diagnosis: 

Acute Non-ST Elevation Myocardial Infarction 
(NSTEMI) 
Procedures Performed: 

Cardiac catheterization with percutaneous 
coronary intervention (PCI) and stent 
placement in two coronary arteries. 
Hospital Course: 
Mr. Doe, a 58-year-old male with a history 
of type 2 diabetes, hypertension, and 
hyperlipidemia, was admitted with chest pain 
consistent with NSTEMI. Cardiac 
catheterization revealed two partially 
occluded vessels, which were successfully 
revascularized with stents. His post-
procedural course was uncomplicated, with 
resolution of chest pain and stabilization

Year 2025, Month 3: 
Nephrologist Consultation 

Subjective: 

Chief Complaint: "My primary 
doctor was concerned about 
my kidney numbers and sent me to see you." 
History of Present Illness: Mr. Doe reports 
no specific symptoms related to renal issues 
such as reduced urine output, swelling of 
legs, or nocturia. He mentions recent 
episodes of dizziness, which have improved 
since the adjustment of his blood pressure 
medications. Adheres to his medication 
regimen and lifestyle modifications. 
Past Medical History: Includes type 2 
diabetes, hypertension, post-PCI for NSTEMI, 
hyperlipidemia, and a recent episode of 
orthostatic hypotension. 
Medications: Includes a modified 
antihypertensive regimen, statin, 
antiplatelet agents, diabetes medications 
including a GLP-1 receptor agonist, and a 
beta-blocker. 
Review of Systems: Negative for fatigue, 
weight change, nocturia, or foamy urine.

Year 2025, Month 6: 
Hospitalization - Admission 
Note 

Date of Admission: [Year 
2025, Month 6, Day 5] 

Subjective: 

Chief Complaint: "I've been feeling really 
tired lately, and I noticed my ankles are 
swollen." 
History of Present Illness: Mr. Doe, a 58-
year-old male with a history of type 2 
diabetes, hypertension, post-PCI, 
hyperlipidemia, and recently diagnosed stage 
3 CKD, presents with a 1-week history of 
increasing fatigue, shortness of breath on 
exertion, and bilateral ankle swelling. 
Denies chest pain, palpitations, or syncope. 
Notes reduced urine output over the last few 
days. 
Review of Systems: Positive for fatigue, 
dyspnea on exertion, and lower extremity 
edema. Negative for fever, chest pain, 
hematuria, or recent illness. 

Objective:

Year 2025, Month 6: 
Hospitalization - Daily 
Progress Note (Day 3) 

Date: [Year 2025, Month 6, 
Day 7] 

Subjective: 

Chief Complaint: "I'm feeling a bit better; 
the swelling has gone down." 
Interval History: Mr. Doe reports 
improvement in his symptoms following the 
initiation of IV diuretics. He notes less 
shortness of breath and decreased swelling 
in his ankles. He continues to express 
concerns about his kidney function and 
overall prognosis. 
Objective: 

Vitals: BP 145/85 mmHg, HR 80 bpm, Temp 
98.6°F, RR 18/min, O2 Sat 96% on room air. 
Physical Exam: 
General: Appears less distressed than at 
admission, resting comfortably in bed. 
Cardiovascular: Heart rate regular, no 
murmur, peripheral edema significantly

Year 2025, Month 6: 
Hospitalization - Discharge 
Summary 

Date of Admission: [Year 
2025, Month 6, Day 5] 
Date of Discharge: [Year 
2025, Month 6, Day 10] 

Admitting Diagnosis: 

Acute on Chronic Kidney Injury 
Heart Failure with Preserved Ejection 
Fraction (HFpEF) 
Hypertension 
Hospital Course: 
Mr. Doe was admitted with symptoms 
suggestive of volume overload, including 
bilateral ankle swelling and shortness of 
breath. Workup confirmed acute on chronic 
kidney injury and HFpEF. He responded well 
to IV diuretic therapy with significant 
improvement in symptoms and stabilization of 
renal function. Adjustments were made to his 
antihypertensive regimen to optimize blood 
pressure control and accommodate his new 
HFpEF diagnosis. Interdisciplinary 
consultations with Nephrology and Cardiology

Year 2025, Month 9: Primary 
Care Follow-Up 

Subjective: 

Chief Complaint: "I'm here 
for a routine check-up and 
to see how I'm doing after my hospital stay 
a few months ago." 
Interval History: Mr. Doe reports general 
improvement in his symptoms since discharge. 
He's been adhering to his medication 
regimen, dietary restrictions, and fluid 
intake recommendations. He completed a 
cardiac rehabilitation program and continues 
with regular physical activity. He expresses 
ongoing concern about his kidney function 
and managing his multiple chronic 
conditions. 
Review of Systems: Negative for chest pain, 
dyspnea, significant swelling of the 
extremities, or episodes of dizziness. 
Positive for mild fatigue, which he 
attributes to his increased activity level. 
Objective: 

Vitals: BP 132/82 mmHg, HR 72 bpm, Weight 
192 lbs, BMI 27.5 kg/m^2.

https://chat.openai.com/share/2e3d5c86-5756-4102-8efd-659bddf27947


Clinical Foundation Models
Goals: 


Build general models that can help us 
answer many different clinical questions


Operate over physiologic values & 
medical events instead of words


Technology:


Transformer operating over all available 
EMR data


Landscape:


Hard to build hard to validate
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Medical Events

?

The quick brown fox jumps over …?
Natural Langauge



Doesn’t involve repurposing another AI model. Need to 
make special medical AI models.


Resource intensive


Computationally expensive


Massive data needs


Specialized engineering skills


Need to keep in mind


Privacy


Bias


Interprebility


Maintenance

Similar to Recovery Trajectory Generation

Week 0 1 2 3

Diagnoses LB 
Sprain

Procedures Chiro. Xray

Prescriptions Aspirin Flexeril

108



109

Sunny Cloudy

Rainy

0.4 0.4

0.2

0.6

0.1

0.3

0.5

0.4

0.1


