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Code status Full code

GCS: Verbal Oriented

GCS: Moto Obeys commands
GCS: Eye Spontaneously
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Admission Date: [%%2952-11-3x%x] Discharge Date:
Date of Birth: [%k2887-7-23%x] Sex: F
Service: MEDICINE

Allergies:
No Known Allergies / Adverse Drug Reactions

Attending: [*kFirst Name3 (LF) 3925%x]
Chief Complaint:
Sepsis, respiratory distress

Major Surgical or Invasive Procedure:
None

History of Present Illness:

F w/ h/o metastatic breast cancer to breast and lungs

currently receiving CMT, brought to the ED by

rehab for abnormal labs. She was found to be neutropenic, anemia
and thrombocytopenic. At the rehab, vitals were reportedly T
100.4, HR 107, BP 92/42. There 1is also a concern for possible...

[%%2952-11-9%x]



Research opportunity

...data that could be used to discover
new knowledge for the benefit of patients



but, this data Is inaccessible to

researchers




Bedside monitoring
» Vital signs
« Wavefarms

¢ Trends

« Alarms

Orders
* Provider crder entry (POE)

Billing

» ICD2

» DRG

» Procedures (CPT)
.
Demographics

» Admission/discharge dates

» Date of birth/death

» Religion/ethnicity/marital status

Notes and reports
* Discharge summaries

« Radiology (X-ray, CT. MRI, Ultrasound)
» Cardiology (ECHO, ECC)

Social Security Death Index

User feedback

corrections




http://mimic.physionet.org

Documents ¥ Data @ Community W Code (GitHub) @

Collaborative research

MIMIC is an openly available dataset developed by
the MIT Lab for Computational Physiology,
comprising deidentified health data associated
with ~40,000 critical care patients. It includes
demographics, vital signs, laboratory tests,
medications, and more.



http://mimic.physionet.org

Accessing the data

Two key steps to gaining access:

* complete a recognized course in protecting
human research participants that covers Health
Insurance Portability and Accountability Act
(HIPAA) requirements

* sign a data use agreement, which outlines
appropriate data usage and security standards,
and forbids etforts to identify individual patients.
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MIMIC-III, a freely accessible critical care

database
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elCU Collaborative Research Database

Latest news All news Rescurces Contacts O\
PHILIPS
| .. 2015 > Philips and MIT investigators collaborate to give researchers unprecedented access to critcal care patient data
Philips and MIT investigators Janumry 5, 208
collaborate to give researchers w| flin

unprecedented access to critical care
patient data
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https://eicu-crd.mit.edu

Relational database
(a collection of linked spreadsheets)

patients admissions
Each patient —— EEVJZamlsR(s]9 JZamN({ I — subject_idisa
has a unique gender hadm_id (pk) foreign key (fk)

subject_id. This
is the primary

here. It references
a primary key in
the patients table.

dob
key (pk). dod

intime

outtime

13
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Mortality prediction in intensive care units with the Super ICU
Learner Algorithm (SICULA): a population-based study

Dr Romain Pirracchio, MD@, Maya L Petersen, MD, Marco Carone, PhD, Matthieu Resche Rigon, MD, Prof Sylvie
Chevret, MD, Prof Mark J van der Laan, PhD

Published Online: 23 November 2014

Lmiictrk 18

DOI: http://dx.doi.org/10.1016/S2213-2600(14)70239-5 | (J§) CrossMark 2] £ | )=

Article Info
This article can be found in the following collections: Respiratory medicine-other

Summary Full Text Tables and Figures References Supplementary Material

Summary

Background
Improved mortality prediction for patients in intensive care unitsis a big challenge. Many severity
scores have been proposed, but findings of validation studies have shown that they are not
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Vol. &, Issue 333, pp. 333ps8

N _* ) — . . .
R, Science Translational Medicine .

A “datathon” model to support cross-
disciplinary collaboration

Jerdme Aboab™’, Leo Anthony Celi, Peter Charlton!, Mengling Feng’,
Mohammad Ghassemi!, Dominic C. Marshall'?, Louis Mayaud’, Tristan
Naumann!, Ned McCague!, Kenneth E. Paik?, Tom J. Pollard!, Matthieu Resche-
Rigon!, Justin D. Salciccioli! and David J. Stone??

+ Author Affiliations
! Corresponding author, E-mail: dominj~ - -"'"=
1% All authors conltributed equally to thi
Science Translational Medicine 06 Apr 2

DOI:10.1126/scitransimed.aad<07?




Reproducibility

Reproducibility is the ability to reproduce the
results of a given study

Note the distinction between this and
*replication™ (whether the results hold up in
different experimental conditions).



IS THERE A REPRODUCIBILITY CRISIS?

7% 52%
Don’t know Yes, a significant crisis
3% l ‘
No, there is no
crisis ——

1,576

researchers
surveyed

38%
Yes, a slight

crisis
enature

Nature 533, 452454 (26 May 2016) doi:
10.1038/533452a



Why should | care about
reproducibility?






Reproducibility leads to incremental progress

IMJAGENE

Person

Helmet




Incremental progress on ImageNet

ILSVRC top-5 error on ImageNet
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A. Canziani et al, “An Analysis of Deep Neural Network Models for Practical

Applications”, CoRR, 2016.



MIMIC is freely available
critical care database

So papers using the MIMIC
are reproducible. Right?



Reproducibllity in critical care:
a mortality prediction case study

e Collect all studies which attempted to predict mortality in
recent history

e Attempt to regenerate the cohort

e Compare our reproduced study cohort with the published
cohort

Reproducibility in critical care: a mortality prediction case study.
Proceedings of Machine Learning for Healthcare (2017).



Studies waveforms
Studies which cite N=3
MIMIC-Il or MIMIC-III Y
N=328
N=33
No results on
mortality prediction
4 No AUROC
N=3
N=27 Y
N=30
Add references
N=9 Difficult exclusions
Y N=2
Y
N=36 e.g. presence of
N=28 bilateral
Infiltrates on
38 distinct evals. chest

radiograph



Methods

1. Define a base cohort

2. For each study, add in the additional exclusion criteria
specified

3. Compare the published sample size and mortality rate to
ours

4.**Bonus™ compare simple logistic regression AUROC to
their AUROC



Base cohort

e Start with a "base” cohort with the minimum required exclusions
e Exclude
o Patients < 15 years old
o Invalid admissions (no charted obs, no heart rate obs, no
admit/disch time)
o Organ donor accounts
o Stays less than 4 hours
e Outcomes of interest
o In-hospital mortality
o Post ICU discharge mortality
m 48-hour, 30-day
o Post hospital discharge mortality
m 30-day, 6-month, 1-year, 2-year



Additional cohort criteria

e Hug et al. 2009
o >1 obs. for HR/GCS/Hct/BUN, Not NSICU/CSICU, first
|ICU stay, full code, no eventual brain death
e Lee etal 2015, Lee and Maslove 2017
o Only ICU stays with complete SAPS data
e Ghassemi et al. 2014
o Age>18, >100 words across all notes
e Grnarova et al. 2016
o Age > 18, stays with only one hospital admission
e Che et al. 2016
o None described



Results - sample size
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Results - sample size
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Results - % mortality
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Results - AUROC
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Discussion

e [he majority of studies were not
reproducible (>2/3rds)!

e How can we make it easier for others to
reproduce our papers?



Discussion

e State all restrictions to cohort
o Age, length of stay, certain care units, certain diagnoses

e Be explicit in criteria description
o Specify MICU service or MICU physical location
o “Removed patients with missing data” -> BAD!!!
o "Removed patients with fewer than 1 heart rate
measurement” -> GOOD!!!

e Detall data abstraction steps
o 64% of studies were outperformed by logistic regression
on simple features
o Clearly data abstraction matters - give it more space in the
paper!



Reproducibility

Reusable
data




Progress on ImageNet not just thanks to data...
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A. Canziani, A. Paszke and E. Culurciello, “An Analysis of Deep Neural Network Models for
Practical Applications”, CoRR, 2016.



Are there any codes for AlexNet, ZF Net, GoogLeNet,
VGGNet Iin Keras #1563

tingtinglu opened this issue on Jan 27, 2016 - 13 comments

tingtinglu commented on Jan 27, 2016 +(@)
- -
| want to test the performance of AlexNet, ZF Net, GoogLeNet, VGGNet on my own dataset. But | cannot
find the code for these models in Keras, then are there any codes for AlexNet, ZF Net, GooglLeNet,
VGGNet in Keras? How can | find them? Thank you so much!
IP -~
avisingh599 commented on Feb 1, 2016 + (&)
VGG is available here. Not sure about the others though.
&E O & 3
O tingtinglu commented on Feb 17, 2016 +(@)
- -
Thanks so much!
= il —
ITI parag2489 commented on Feb 22, 2016 Contributor ~ + (%)

AlexNet is here. Verify its correctness before using.

E 4 & 3 @1



Reproducibility
e Reproducibility has two components

Please do this more!

Reusable

data Reusable
code




Thank you for your attention!



