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Introduction

1967: 1MB = $1 Million
2017: 1MB = $0.02

As costs diminished, storing data
became more cost-effective than
managing or curating it and

modern-day "Big Data" was born

https://www.computerworld.confarticle/3182207/datastorage/cw50datastoragegoe sfrom-1mto-2-centsper-gigabyte. html


https://www.computerworld.com/article/3182207/data-storage/cw50-data-storage-goes-from-1m-to-2-cents-per-gigabyte.html

Introduction

More data and computation
power led to resurgence of
neural network approaches
(NDeep Learning

Deep methods proved capable
of automatically learning data
representations that out-
performed feature-engineering
approaches In key areas:
vision, speech, translation
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Introduction

There Is Increasing Interest In
Big Data, Machine Learning and
Artificial Intelligence In the health
and behavior contexts

Model can more naturally detect depression in
conversations

Neural network learns speech patterns that predict depression in chnical interviews.

Rob Matheson | MIT News Office
August 28, 2018




Introduction

Healthcare spending at almost
20% of GDP in the US and
automation may help reduce
costs, while improving quality of
care.

Health data is being collected at
a unprecedented scale and
resolution
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Healthcare spending at almost
20% of GDP In the US and Documents ¥
automation may help reduce
costs, while improving quality of Code (GitHub) O
care.

Health data |S belng CO"ECted at If you use MIMIC data or co?u;r;izr:;l;:ork, please cite the following
a unprecedented scale and
MIMIC-III, a freely accessible critical care database. Johnson AEW,

reSOIUtIO n. Pollard TJ, Shen L, Lehman L, Feng M, Ghassemi M, Moody B,
Szolovits P, Celi LA, and Mark RG. Scientific Data (2016). DOI:
10.1038/sdata.2016.35. Available from:
http://www.nature.com/articles/sdata201635



Technical Challenges

For health/behavioral
applications methods must be:
Interpretable, generalizable and
support (not control) decisions

ODeepd t ec powerfglL
but there Is still room for growth


https://medium.com/ai%C2%B3-theory-practice-business/understanding-hintons-capsule-networks-part-i-intuition-b4b559d1159b
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https://medium.com/ai%C2%B3-theory-practice-business/understanding-hintons-capsule-networks-part-i-intuition-b4b559d1159b

Practical Opportunities

Current health data enable
reactionary optimization of care

Using data outside the hospital
(social + wearable), we may clarify
causal factors of disease, and
allow for proactive approaches




Todayos Tal k

1. Data collection: _ _ .
Tool to translate paper data from hospital spreadsheets into digital form

2. Decision support:
Method to prognosticate coma outcomes after cardiac arrest

3. Optimal Control:
Al for passive monitoring of narrative mood during conversations

4. Moving Forward
Future directions, and opportunities for collaboration
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An Open-Source Tool for the
Automated Transcription of
Paper Spreadsheet Data

As presented in IEEE Big Data 2017



Data collection:
A 5,000 year tradition

3000 B.C.: Sumerians kept
clay records on property,
transactions, and
marriages
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Data collection:
medical records on
prominent patients



Data collection:
A 5,000 year tradition

2017 AD: Hospitals keep
records on just about
everything




Data collection:
A 5,000 year tradition

2017 AD: So much

Interesting information Is
still locked within paper
records

i

Z
£
7

'ﬂ"'m

=
_]

G

M e
".:|
'O
] i |
] ",
3 L
L.
" v




Importance:

90% of US hospitals still
maintain paper archives

Data transcription costs
time and money, and
transcribing sensitive
patient data costs even
more




A.l. IS an ideal solution:

1. Cheap

2. Scalable

3. Maintains privacy



Challenges:

1. data is heterogeneous
within spreadsheets: different
Ink, cell colors, handwriting

2. data Is heterogeneous
across spreadsheets:
different formats, cell size

3. data often
circling, cross through,
underlining, spilling outside
borders, etc.
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Objectives:

1. Build an open source tool
to extract data using crowd-
sourcing and machine-
learning

2. Test our tool on a
heterogeneous set of 139
medical flowsheets,
containing ~36K cells of data

3. Work with collaborators to
Improve the tool

14.2

17.9

0.05

145

697
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How theTool Works: 4 Steps

Step 1: the extraction of cell images
from the spreadsheet grid

Step 2: machine recognition of
digits within the cells

Step 3: human transcription of cells
with challenging content

Step 4: feedback of human
transcription results to the machine

|
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The user takes a photo
of a spreadsheet they
wish to transcribe




The software assumes
that images are aligned



The images are
adaptively filtered to
remove color and
shading

Retain the largest
connected component
(the gridlines)




, , | . ‘ \ The image Is then cut

Into strips




----------------------------------------------------------------------------------------------------------------
-----------------------------------------------------------------------------------------------------------------

Within a given strip, the
Hough image transform
IS applied to identify the
location of near vertical
ine segments



----------------------------------------------------------------------------------------------------------------
-----------------------------------------------------------------------------------------------------------------

The number of
spreadsheet columns
are estimated based on
the number of Hough
peak clusters



K-mediods Is applied to

the Hough peaks to

iIdentify the location of
................................................................................................................. the COIumn-IIneS’ Wlthln

----------------------------------------------------------------------------------------------------------------- I []
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This leaves us with a
set of points that
represent the location of
the line within each strip



This leaves us with a
set of points that
represent the location of
the line within each strip



Starting from the
center-most strip
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We identify the closest
neighboring points
above, and below,
within a search window



This allows us to
approximate the
location of the column
lines



The same process may
be performed to
estimate the location of
the row lines

The intersection of the
row and column lines
Identify the borders of
each cell image
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Allowing us to extract
the images, for further
processing
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How the Tool Works: 4 Steps

Step 1: the extraction of cell images
from the spreadsheet grid

Step 2: machine recognition of

digits within the cells 5
Step 3: human transcription of cells g

with challenging content

Step 4: feedback of human
transcription results to the machine




Digit Extraction

Once the cells are
extracted, we classify
their contents




Digit Extraction

To do this, we extract
digits from the cells




Digit Extraction

Digits are extracted to
be uniformly sized, so
they are compatible
with popular machine
learning approaches




Digit Extraction

Digits are extracted to ’ ,j’?__] Z I 173 ’2 |
be uniformly sized, so 3

they are compatible |
with popular machine }/L/,Z | 7. 7 (00
learning approaches R o '
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Digit Classification

: : CellSize = [2 2] CellSize = [4 4] CellSize = [8 8]
hlstogram of oriented Feat:re Ilz::gth = 6084 Feat:re Ilz::gth = 1296 Featfarellzeigth = 144

gradient features (HoG)
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Digit Classification  ~u<ion matrix

aqt | 0 1 . 3 4 5 6 7 : g
The algorithm WJELS  sereremereeeemm e
trained using the 0 0.9 0.0 000 0.0 000 .02 0.0 0.0 0.0 0.02
MNIST dataset 1 0.0 09 000 000 000 0.00 000 000 0.0 0.0
2 .00 0.00 0.4 0.0 000 .00 0.0 082 0.0 0.03
] .00 0.0 001 0.5  0.00 .04 000 009 0.0 0.00
4 .00 0.0 000 0.0 0.8 0.0 000 0.0 0.0 0.l10
5 .00 0.0 000 0.0 000 0.9 0.00 081 0.0 0.00
b .03 0.0 000 0.0 000 .00 0.5 0.0 0.0 0.00
7 .0 000 082 0.0 000 .00 0.00 093 0.0 0.03
: .03 0.0 002 0.0 0.0 .00 0.0 0.82 0.4 0.06
g .00 0.0 000 0.0 000 .00 0.0 0.M 0.0 0.9




Digit Classification

The algorithm classifies
digits, according to their
multinomial probabillity
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Digit Classification
For some digits, it will

have



Digit Classification

For other digits, it will
have low confidence

309
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Digit Classification

Cells containing digits
above the confidence
threshold are
transcribed by the
machine

NERINA, il
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Human Transcription

Cells that contained
digits beneath a
confidence threshold
are marked for the
crowd annotation




Human Transcription

By doing crowd
annotation one cell at a
time, patient privacy Is
protected!
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Digit Classification

B

The algorithm is then
retrained using the new
annotations from the
crowd workers
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Key Results + Cost Comparison
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Grid Line Extraction
The grid-line extraction

uniformities in: lighting,
93% of grid lines were
accurately identified

bends in paper, cell

size, etc.
In our collected data,

accounts for non-



Performance (%)
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cell classification performance
- = = = proportion of total data
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Mean Digit Confidence

At a digit confidence threshold of
99%, cell contents are correctly
classified in 90% of cases

Our tool was half the price and 11.4
times faster than a clinical research
assistant

A lower bound for savings using
this approach is 5.6%



Improvement (%)

=
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cell classification impmﬁment
- - = - increase in total data

0

20 40 60 80
Mean Digit Confidence

After crowd feedback,t he t ool
classification performance
improved further

At the 80% confidence threshold,
we observed a 10% improvement in
accuracy

The lower bound for savings using
this approach was 10%



Todays Talk:

2. Decision support:
Method to prognosticate coma outcomes after cardiac arrest

3. Optimal Control:
Al for passive monitoring of narrative mood during conversations

4. Moving Forward
Future directions, and opportunities for collaboration



Life After Death:
Techniques for the rapid

prognostication of post-anoxic coma
patients

MIT Press (2018)



Cardiac arrest affects 320K people in the US annually

Cardiac
Arrest

320,000



128K patients are successfully resuscitated

Cardiac

Arrest Successful
resuscitation

Time without
Spontaneous
circulation

©

128,000

320,000



100K enter an indefinite, anoxia-induced coma

Cardiac
Arrest Successful Anoxic
resuscitation Coma
Time without s
Spontaneous
circulation
6 100,000

128,000

320,000



10K will survive, but only 5K will regain normal function

Cardiac
Arrest Successful Anoxic Regain
resuscitation coma Normgl
Time without Function
Spontaneous V. ) %
circulation g
el 5,000

6 100,000

128,000

320,000



Outcome metric

Cerebral .
Performance Conscious Cerebral Consequences
(Y/N) Disability
Category ’
. Mayv resume independent activities
1 Y Mild y TOSUmEe MAependent acty
with minimal complications
Mayv resume independent activities
2 Y Moderate y. . P . v
while requiring some assistance
Will require assistance to perform activities
3 Y Severe . : .
and may involve paralysis, or dementia.
A N Vegetative R.equlreS'agﬁlatance to survive |
and will be minimally aware/responsive
5 N Brain-Death Reqmres assistance to survive

and will be totally unaware/response
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Goals of prognostication

A Primary: Prevent premature withdrawal care

A Secondary: Prevent unnecessary care
(up to $20,000 per day in ICU)



Current Prognostic Guidelines

A A sequence of clinical observations and
auxiliary tests performed at specific time
points following cardiac arrest

A Accurate in predicting poor neurological
outcomes when severe deficits are
present (FPR < 1%)

A No guidance in cases where such clear-
cut signs are lacking, or under varying
protocols (e.g. therapeutic hypothermia)

Exclude
major
confounders

No brain stem reflexes S :
at any time Brain peath
(pupil, cornea, oculocephalic, testing
coughy)

Or

Day 1
Myoclonus Poor
Status Epilepticus outcome

Or

Day 1-3
SSEP Poor

absent N20 responses™ outcome

Or

Day 1-3
Serum NSE >33 pg/L*

Or

Day 3
Absent pupil or corneal Poor

reflexes; extensor or absent outcome
motor response

Poor

outcome

No

Indeterminate outcome

The American Academy of Neurology



Current Prognostic Guidelines

A A sequence of clinical observations and
auxiliary tests performed at specific time
points following cardiac arrest

A Accurate in predicting poor neurological
outcomes when severe deficits are
present (FPR < 1%)
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protocols (e.g. therapeutic hypothermia)

The American Academy of Neurology



Review of the Literature

EEG Features e ’ [ Clinical Quantitative Pupillometry
Tjepkema-Cloostermans, 2017 3 —'1 . O ew Suys, 2015
AUC =0.94 at 24 hours | e— o AUC = 0.81 at 24 hours
N = 283 . | = O N =50
Pain-related SSEP
Zanatta, 2015
AUC = 0.84 at 72 hours
N =167
NSE MRI
Dagmar, 2017 Jeon, 2017
AUC = 0.77 at 24 hours AUC = 0.89 at 24 hours
N =153 N = 47

Biomarkers!

How to assess prognosis after cardiac arrest and therapeutic hypothermia, Taccone et al, 2014
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EEG Features =2 e Clinical
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Conclusions

A Limited Sample Sizes: larger samples are needed
A Time Specific: prediction should be possible at all points in time
A Classification focused: risk scoring may be better

A EEG alone can provide state-of-the-art performance
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Electroencephalogram (EEG)

EEG Collection and Interpretation Fectotes ST

HANUNGY

A Each EEG electrode
records an ensemble of
cellular activity near the
location of the electrode

’ / EEG reading

A Electrode Placement was
IN accordance with the
International 10-20 system



EEG Collection and Interpretation

A Each EEG electrode
records an ensemble of
cellular activity near the
location of the electrode

A Electrode Placement was
In accordance with the
International 10-20 system
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785

EEG data 712

615

A 5 contributing institutions

BWH
n=108

A 785 unique patients

5O7|= = = = = = - = - - -

A 7 terabytes of data

351

Cumulative Number of Subjects
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0 41 485 557 6.43 7.08

Cumulative Data Size (Terrabytes)
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EEG temporal properties

A Data densities linearly
decrease over time

Number of subject with
upto EEG length

A EEG withdrawal is assessed

approximately once every 24
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EEG temporal properties

A Data densities linearly
decrease over time

A EEG withdrawal is assessed
approximately once every 24
hours

Number of subjects
with exact EEG length
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EEG Length (Hours)



What about the clinical data?
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Clinical Characteristics

ClinicaFeature Mean)

Good Outcomes

Bad Outcomes

Age(Years)
Gender(% Male)
ROSEMins)

Rhythm at Arrest (%)
VFib

Other (PEA Asystole)
Unknown

Cause of Arrest (%)
Pulmonary
Anesthesia
Neurologic
Other/Unknown (%)
Arrest Location

In Hospital (%)

Out of Hospital (%)

Unknown (%)

S/
68
19.47

69
25

50

3.6

9.6
36.8

63
28

63
68
25.7

34
61

34
8.5
13.8
43.7

11
56
33
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Data Collection

EEG
'W
M

1. Collectedan EEG
archive 2x larger
than largest set
previously described
In the literature




Deploy time-sensitive modeling approaches

Machine

EEG _
N Learning
AWV
AN
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1. Collected an EEG 2. Time-sensitive

archive 2x larger
than largest set
previously described
In the literature



1. Extract Frontal
EEG Data




2. Identify artifacts in
five second epochs

2.1 Disconnects and saturation
2.2 Eye and muscle artifact

2.3 Moment-based artifacts



3. Choose five minute epochs
with minimal artifact

3.1 Generate artifact score

3.2 Identify cleanest epochs
in each hour of data

cleanest
5 min epoch




52 features to describe three signal qualities

A Complexity (21 features)

A Category (24 features)

A Connectivity (7 features)
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52 features to describe three signal qualities

A Complexity (21 features)
e.g. Shannon Entropy

More is considered good

F4_WWWNWWWW
More complex

T5-01

Less complex



52 features to describe three signal qualities

A Complexity (21 features)

A Category (24 features)

A Connectivity (7 features)
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52 features to describe three signal qualities

A Category (24 features)
e.g.BurstSuppression
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52 features to describe three signal qualities

A Category (24 features)
e.g. BursSuppression
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52 features to describe three signal qualities
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52 features to describe three signal qualities

More Is considered bad
F3-C3 i TN o e N AR TN
CB-%MMWMM
More connected

F7-WMWW
TB-MW\WWMW\WM\MWWWWM

A Connectivity (7 features) Less connected

e.g. cross correlation



Feature-outcome relationship is time-dependent

The mean and standard error of three features for the study population, partitioned by outcome

Regularity
Crosscorrelation Magnitude

Shannon Entropy

10 20 30 40 50 60 70 10 20 30 40 50 60 70 10 20 30 40 50 60 70
Time (Hours) Time (Hours) Time (Hours)



Feature-outcome relationship is time-dependent

Shannon Entropy (a measure of complexity) distinguishes 6 G o amdl 6 B acdn8istently

Shannon Entropy
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Feature-outcome relationship is time-dependent

Regularity (a measure of burst-suppression) distinguishes6 G o amdl 6 B aedriger

Regularity

0 10 20 30 40 50 60
Time (Hours)



Feature-outcome relationship is time-dependent

Cross correlation (a measure of complexity) distinguishes 0 Go amdl 6 B daled

Crosscorrelation Magnitude

70 10 20 30 40 50 60 70
Time (Hours)



Conclusion

A The relationship between features and outcomes changes over time

A Suggests a modelling approach where coefficients evolve over time



Logistic Regression with Elastic Memory

A Data is split into 10 training

and testing folds. %

90%

10%



Logistic Regression with Elastic Memory

A We train a series of models
that classify patient outcomes,
In particular time intervals:

1-12 hours
13-24 hours
25-36 hours etc.

Time (Hours)

1-12 Hrs 13-24 Hrs  25-36 Hrs

10%



Logistic Regression with Elastic Memory
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Time (Hours)

From training set 1-12Hrs  13-24 Hrs

A Features are extracted at
particular time intervals
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Logistic Regression with Elastic Memory

A Features are extracted at
particular time intervals

A 25-36 hours, and so oné

Time (Hours)

Extract features
From training set 1-12Hrs  13-24 Hrs  25-36 Hrs

%@

10%
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features
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A Features used by models in
earlier time intervals are
passed forward
for models in future time
Intervals
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Logistic Regression with Elastic Memory

Extract features
From training set 1-12Hrs  13-24 Hrs  25-36 Hrs

Time (Hours)

A Features used by models in
earlier time intervals are
passed forward
for models in future time
Intervals
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Logistic Regression with Elastic Memory

Extract features
From training set

A We retain only the most
Important features using
Elastic Net

A Penalizes the size of the
regression coefficients based
on both their & norm and their
O norm :

ol OoFe i idWfpm. ¢ oflall - |l

Identify features
predictive within
time interval

features

1-12 Hrs

Time (Hours)

13-24 Hrs

features

features

25-36 Hrs

Elastic
Net

10%

Elastic
Net



Logistic Regression with Elastic Memory

Extract features
From training set 1-12Hrs  13-24 Hrs  25-36 Hrs

Time (Hours)

A A logistic regression model
with the selected features is
used to evaluate performance
on the held out test-sets

features

features

features

Identify features
predictive within
time interval

Train GLM using
selected features

Test models on
held out data




Logistic Regression with Elastic Memory

Extract features
From training set

A A logistic regression model
with the selected features is
used to evaluate performance
on the held out test-sets

A This process was designed to
mimic how actual providers
perform prognosis

Identify features
predictive within
time interval

Train GLM using
selected features

Test models on
held out data

features

1-12 Hrs

Time (Hours)

13-24 Hrs  25-36 Hrs

features

features
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Deploy time-sensitive modeling approaches

EEG Machine
Learning

1. Collectedan EEG 2. Logistic Regression
archive 2x larger with Elastic
than largest set Memories and ~10x
previously described the features used in

In the literature prior work



Assessing performance: classification and calibration

EEG Machine Neurological
Learning QOutcome
. @
1. Collectedan EEG 2. Logistic Regression 3. Models that assess risk
archive 2x larger with Elastic
than largest set Memories and ~10x
previously described the features used in

In the literature prior work



Classification



Classification

A
A Our approaCh 08 = Lc_)gistic R_egressior_1
eXthIted enhanced with Elastic Memories
classification 075 =
performance 5
S 0.7
compared to the = Lot Pegesior
iterature baseline Q  os X
o
= 0.6 - Random Forest
A Improvement was < v
most pronounced at
later time Intervals
0.5 ; —

| | | | | | | |
1-12  12-24 2436 36-48 4860 60-72
Time (Hours)



Calibration

A Our approach
exhibited enhanced
calibration compared
to the literature
baseline

A This allows for a more
nuanced use of the
model, compared to
existing approaches

Actual Probability of Positive Outcome

| | | | | | | | | | | |
O 10 20 30 40 50 60 70 80 90 100
Predicted Probability of Positive Outcome



Exemplary
Patients



