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Why Health Al?

oature, REVIEW ARTICLE FDA has now cleared more than 500 healthcare Al algorithms
m.e cl.lle https://doi.org/10.1038/541591-022-01981-2 Dau’e Fornehf I Februar}, 05, 2023 | Arnﬁcraf fnreﬂrgence

M) Check for updates

Data modalities i Opportunities
Multimodal biomedical Al - ‘;m‘” | 7 -
Julian N. Acosta®', Guido J. Falcone', Pranav Rajpurkar ®?*= and Eric J. Topol ©34= / \\ o
“ ° e o . . . . . . E:E’EEE‘“S ‘ \]r’ / \ ‘[ﬂé}\g:ﬂ:g trials
The promise of artificial intelligence in medicine is / \ <%
to provide composite, panoramic views of 'Ww \‘,,,/ \ \
ERTR ’ . . ‘o “9“$§¢m w e
individuals” medical data; to improve decision , =S e N
making; to avoid errors such as misdiagnosis and evscans | I SEE ST
. . T N N s
unnecessary procedures; to help in the ordering \ \ f,’.".»;k\\ (R oo,
and interpretation of appropriate tests; and to weos | . ‘ /
recommend treatment.” [,5 \ / (B
- Eric TOpOI, MD — \/ ﬁl\ g ‘Vlrtualhealth
Environment | \/ T coach

“While Al in medicine will not come all at once,
early adopters of Al in their practices will be ready
to be future leaders in health care.”

- Bibb Allen, MD

“Al won’t replace doctors, doctors that use Al will
replace those that don’t.”
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nawork | Open.

State of Al in Healthcare

Original Investigation | Health Informatics

Randomized Clinical Trials of Machine Learning Interventions in Health Care
A Systematic Review

* Thousands of startups

* Tens of thousands of publications
* Billions invested

e But only few hundred RCTs to date

Deborah Plana, BS; Dennis L. Shung, MD, PhD; Alyssa A. Grimshaw, MSLIS; Anurag Saraf, MD; Joseph J. Y. Sung, MBBS, PhD; Benjamin H. Kann, MD

) |
But... ) .\
e Current DL/AlI models relatively new (~10 ' I T
years), with healthcare Al models trailing [
uptake of other industries . B
o ~87% of developed Al/ML models in any 2 5 I}

industry never make it into production

Focus on importance of question, tool usability, deployment details, trustworthiness, performance drifts
Rather than incremental performance improvements, methodological innovation
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v o Reconstructing Vagal Anatomy

* Vagal fibers travel inside fascicles form
branches to innervate organs and
regulate/monitor organ functions

* Existing Vagus Nerve Stimulation (VNS)
therapies stimulate the nerve non-
selectively

— Reduced efficacy

— Side-effects from non-targeted
organs/systems

* Spatial arrangement of fascicles/fibers in
the human vagal trunk is unknown

— Essential to build selective VNS therapies

NIH National Institutes of Health SPARC Jayaprakash et al, 2022 Brain Stim

Turning Discovery Into Health

3-year, $6.7M grant
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Branches emerging from trunk

Right vagus nerve (CN X}\J e

Pharyngeal branch
Superior laryngeal nerve I \
;

Left vagus nerve (CN X)

Sinus nerve

Internal
Left recurrent

Laryngeal nerve {
laryngeal nerve

External
Superior cardiac nerve

Right recurrent laryngeal nerve Cardiac plexus

Inferior cardiac branches

Branches of cardiac

Pulmonary plexus plexus

Esophageal plexus
phagealp Anterior gastric nerve

Posterior gastric nerve .
9 Gastric branches

Celiac ganglion and plexus

Splenic branches
Superior mesenteric
ganglion

Pancreatic branches
Pyloric branch

Renal plexus Left colic flexure

Hepatic flexure

Branches to the small and
large intestine as far as the
left colic nexure

Medscape.com

Fascicles in trunk

Havton et al, 2021

Fibers in fascicles

Toth et al, 2020 IEEE EMBC
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Test Detector Reverse
Offset
Images = (Mask R-CNN) Offsets
Tracker . Feature-based
(windowed DBSCAN) filtering

D Elliptical Segments o
Optimize Objective Function

Active Contour Segments o Diff Mean
Split o KL Divergence

d
’ ] D Ground Truth Dplotﬂag



Presenter
Presentation Notes
Fascicle segmentation and tracking on micro-CT images. (A) Schematic of the micro-CT fascicle segmentation pipeline. The mask R-CNN detector is trained using training images and corresponding mask annotations. Shape, pixel, and texture features are extracted from the detected masks and can be used to filter the detections. Lastly, the detections are post-processed via a tracking algorithm to determine the graph structure of the fascicular branches.

Screenshot of the fascicle annotation and visualization tool. 
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Deep Learning for micro-CT imaging data
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Presenter
Presentation Notes
Fascicle detections highlighted in red and ground truth annotations in green. One fascicle that was falsely detected by the algorithm was later filtered out by the tracking step. (D) Fascicle tracks in 3D space (multicolor plot), along with their 3D reconstruction, after the fascicle detection step (left panels), filtered detections after the fascicle tracking step (middle panels) and the annotated ground truth (right panels) (E) Metro-map visualization of the fascicle tracks contributing to the RLN branch (red trace), along with 2 other tracks; splitting and merging events are shown at the levels that they occur. Ordinate represents longitudinal distance (μm) from the caudal end of the trunk segment.
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venwei et Deep Learning for IHC imaging data

Combination

Neurofilament Myvelin

Toth et al. 2020, EMBC

Trained an instance segmentation ML method: deep mask-RCNN
(He et al. 2017) to detect and separate neurofilament blobs

* ResNet-50 backbone network

* Pretrained on the COCO dataset

e Ground truth — 70 fascicles annotated by humans (36

training, 34 testing) o | A
~ . . e.g. U-Net e.g. Mask-
* 1400 fibers per fascicle on average Object Detection Semantic Segmentation Instance Segmentation
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venwei et Deep Learning for IHC imaging data

100 -
a0 |
Gaussian . N
. = I T
Mixture Models £
il
+ Voronoi ;E - '
decomposition
20 1
I::l 1 1
Frnind Missed Surplies
myelin Level adjustment 100
] ?
DNN 80 1
@
o 00 A
Mask £
@
- Y
0.5 u fiber R-CNN 5 40
diameter limit
20 -

Téth et al. 2020, EMBC Found Missed Surplus

Jayaprakash et al. 2022 Brain Stim
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Features extracted

Location
— Cartesian and polar coordinates

Neurofilament and myelin area

Perimeter

Shortest/longest diameter

Median/max myelin thickness

828.222222
1454.72297
1049.10231

94467931
921.145803

1407.3357
1518.74045

165.958333
280.033149
279.301601
335.082759
368.053019

448.14032
463.727528

72
1267
1124

290
679
563
1780

543
4329
4846

296

393

520
3997

2167.69659
2070.56014
2039.04337
1988.09461
1957.08503
1896.79796
1903.47788

fiber_area myelin_area eccentricity angles

0.120397871
-0.17776849
0.019361217
0.072443655
0.085656638
-0.16885152
-0.22795666

perimeters

30.9664008
176.638596

142.01436
60.0557262

135.02203
106.013759
189.837336

shortest_diameters

7.552522969
33.88555159
28.40612876

17.8955333
17.56919772
14.45270026
41.91775628

longest_diameters

10.5946782
62.83801836

56.7484743
19.72119943
55.31655765
4499644387
70.94949637

Deep Learning for IHC imaging data

median_myelin_thickness

4.54849243
22.73623278
19.54409173
4.960168413
11.53964613
5.397960658
22.14902134

max_myelin_thickness

35.72256828
43.06796846
165.5670892
8.113218391
52.89832661
10.65977332
112.4996833

Measurements in pixels — 1 pixel = 0.15u
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Train, validate—7

Manual cropping Manual annotation Automated segmentation
(fascicular resolution) (fiber resolution) (fiber resolution)

"l

- 5 ; . / .
Keyence . _ —_— e Y — Train, validate—p
RS - L | - -

i (in progress)
60 Nerves (30 L, 30 R)
>3M microCT images H&E Manual annotation Volumetric construction
. (fascicular resolution) Automated segmentation fascicul it
>4000 IHC/H&E Images (fascicular resolution) (fascicular resolution)

3D construction
JRpp—— .-*

~200 TBs of data

SKYSCAN

Micro-CT

——Train, validzte—j . ——3D construction—pe

I Automated segmentation I
(fascicular resolution) _ _
Volumetric construction

Manual annotation ! .
(fascicular resolution) (fascicular resolution)
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Nertmel reain - The case for Al in clinical decision support

* ER setting: Nurses undertriage 17% and

. . ) .
overtriage 12@of cases - Doctors undertriage “Patients don't sud il
14% and overtriage 14% of cases™ deteriorate,

e Up to 5% of patients in medical-surgical Healthcare professiis

- suddenly notice.

wards deteriorate requiring intensive care

Labs \

Vitals —— “———— Comorbidities

nso.com Medical notes

Radlographs *Ruttanaseeha et al. 2020

br. Patrick Brady

_— Demographics
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* Largest healthsystemin NY = BEEEEad oo
. H .- .
23 Hospitals ’" O -
* >700 Outpatient clinics o o
« >2M patients treated annually, over LA
: mﬁm:m i B T H [, i
5.5M patient encou nt.e rs mmmﬁwwmm o B
* One of the most ethnically, culturally, o e i o
. . . o
genetically, socially and economically e | — —

diverse population in the US (likely
the world)
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Continuously monitoring vitals in-hospital

A 4 4

A

R A B
o T
ot = =

VitalConnect VitalPatch Biobeat Chest Monitor Isansys Lifetemp

e 3 different devices

National Institute :
of Nursing Research * >12k patlents, >4k days Of data ' -
collected already T
A-year, $3.2M grant . ) i Shubham Debnath Michael Scheid
>
Goal of 4k’ 20k days patlents in 2 Barry Weinberger, MD Beth Friedmann, RN

years Rob Koppel, MD Mike Oppenheim, MD
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Neonatal early onset sepsis

Monitoring during labor

Avorage Maternal RMSSD during Labor

: . . 55 :
* Major cause of morbidity/mortality E'ﬂj‘ fﬁ“h | ; &
. . e A j“ ;
* Maternal fever during labor is the ol 'L/ﬂvn“mq.-‘v' '1f‘JHW ﬁ%“ m-,f'““ﬁ -u}wm W‘wf"u’
strongest predictor o ool T gt R Y :
. . o L e, Wl i L L Al | | A
* Continuous vital data from 336 women £ TR NRA VAW LR g,
. . . x » -". T E "'ﬂr o |_|.|-" W-ﬁ‘—" i a-':\-ll"'a E !
during labor, including HRV i *hJ(a- ol N
* Model predicts fever 2-3h before onset = ... :
. - -5 - 3 -2 1 il
* HRV one of the most important Time (hrs)
predictors Debnath et al. 2023 Digital Health
4-5 hrs 17 O
1 B Continuous o
® Discrete
08 0.8} = & !
) O
o | >, D06 o 5 ®
£os = < g $ O
= E= O )
2 . Q04!
o 047 7 x © Q Shubham Debnath
0.2 [ 0.27
r g e P | e ; | | | | Barry Weinberger, MD
% 02 o4 06 08 1 % 02 o4 06 08 45 34 23 1-2 Rob Koppel, MD
1-Specificity 1-Specificity Time before Fever (hrs) Beth Friedmann, RN
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Deep Learning to predict alerts

* LSTM RNN developed using data 0
from 888 hospitalized patients, o
>1300 devices :

* Tested on the same device "oz
(VitalConnect Vitalpatch) that was

used to produce training data E

prospectively on a different
hospital and patients 2"
* Tested on a different device ..
(Biobeat Chest Monitor) on a 2o
different hospital and patients 00

Device #1 Prospective Validation

ROC Curve
;/
|
|f < Wrbl (RNN) ROC {AUC = 0.90)
||f -7 —— wrbl {LogReg) ROC (AUC = 0.83)
{ .77 —— EHR(RNN)ROC (AUC = 0.52)
[ —— EHR (LogReg) ROC {AUC = 0.89)
< ---- Chance
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Device #2 Retrospective Testing

ROC Curve
A
// /
( f _x"’l
[/
i
¥
I ,
X _—‘ Wrbl {(RNN) ROC (AUC = 0.84)
| -7 —— Wrbl {LogReg) ROC (AUC = 0.85)
.'{‘ EHR (RNN) ROC (AUC = 0.82)
i EHR (LogReg} ROC {AUC = 0.89)
Chance
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

D Device #1 Prospective Validation
Precision Recall Curve

1.0
0.8
50.6 \
o /‘r ~ \
g 0.4 | "f ) S AN
0.2| —— Wrbl (RNN) PR (AUC = 0.60)~___ | N\
'~ Wrbl (LogReg) PR (AUC = 0.30) ‘*‘\_\‘l
EHR (RNN) PR (AUC = 0.49) - —\\
0.0/ — EHR (LogReg) PR (AUC = 0.43) R
0.0 0.2 0.4 0.6 0.8 1.0
Recall

F  Device #2 Retrospective Testing
Precision Recall Curve

1.0 —— Wrbl (RNN) PR (AUC = 0.37)
—— Wrbl (LogReg) PR {AUC = 0.09)
EHR (RNN) PR (AUC = 0.40)
0.8 —— EHR (LogReg) PR {AUC = 0.14)
S0.6
N
W]
Loa
0.2
a
0.0 T
0.0 0.2 0.4 0.6 0.8 1.0
Recall

Scheid et al. (under review)
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Average lead time
for clinical alers:
17h in advance
Predicted 9/11
hard outcomes
Average lead time
for hard
outcomes: 15h in
advance

2000 clinical
wearable patches
to select patients

True

Dewce #1 Retro

Alert instance

Device #1 Pros

Device #2

Alert instance

005|t|ve predlctlons for cllnlcal alerts B

|||||||
rm

Ht

|||||||

||||||||

||||||||||

||||||||||||||||||||||||||||||||||||||

......

-18 -12 -6

-18 -12 -6
Time preceding event (hours)

Deep Learning to predict alerts

0.7

<
o)

=
n

Probability Density
S o
w S

=
N

0.1

0.0

=24

o

3

Probability Density >
S (]
— (N

c

|
[
o~

Lead time distribution for clinical alerts

I Device #2
I Device #1 Pros
Il Device #1 Retro

-13 -12 -6 0
Time preceding event (hours)

Lead time distribution for hard outcomes

-18 -12 0
Time preceding event hours

Scheid et al. (under review)
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 Unsupervised learning
 Major clinical phenotypes 2007
should cluster patients to ol ,
unique groups
* |nitial application on sk

COVID-19 patients
presenting to the ED

 Applicable to optimizing
clinical trial recruitment \ \
/ Low Lung Mild phenotype, elevated
: ._immune cell counts
High Lung inflammation inflammation
Ho et al. (IJMI 2023)

Matthew Ho _
Poor kidney function
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Answering Why

C WET T T T T T T T T T I T T T T[T T T T T T T T T T Ifr T T T Ir T T Ir T T T T T I T T T T 11 E
C generic hepatic immune inflammatory renal metabolic vital ]
E
10° E 7—@- 1-._% E g
£ . ]
: - E
o
L i g
=
L m o
10 I I N N Y I A | I [N I 1 | I I I I I | I [N I I I I I e s
N
xoﬁ\o \\’“{@‘ ?-.‘256\24“3{06“6 ‘\\ﬁ ?‘\60"‘“ N 'ﬁ“‘\ g“‘\ & ‘\ lu@% ‘b‘:‘?o ¥ “%\\ ﬁ““%(' N o‘%gb‘“ \D"\“O“G\“‘(\%“L{)@?&%‘a BRI 69011*‘3666*
Ry d\ 0‘:{ q?\ ‘? o ~°\“ g\(\ ! (\0 %OQ Q 6\0' by o
AV RO Wt © QOO e HoFe ﬁ%, ?! <& Ll
‘1\6'30 0\‘5\&;\ Q ao® ol “C&\a
~ed ) N o 20
Alpha Delta Omicron [ 10 20 o » 40 50 &
? T T I P T T T T T T T T T 7] 2000 Time (e2y=)
50 2500
g
= = .
Sl 2000 3 Mild Phenotype
T k= — .
= ’__,_,.—\ : [u_g% Mar‘tahtyr]
©
w30 - 1500 &
E 3 Renal Phenotype
g 3 — _
520 1000 3 (7.1% Mortality)
2 T
. L
ung Phenotype HI
0} 500 — 14 YP
(7.6% Mortality)
| | | | | L | | | | | | | | 1 | I | | | | | | | 1
0 0
G g g @ o g @ e ot o L o e ot o g gt et ot ot g e ot — LU"E Phenotype LI
@ o ‘W'L o w‘*m o @ @ @ @ o ‘wi L qu L W T L )
(3.8% Mortality)
I Hospitalized Patients b
Alpha
Delta Overall
Omicron
=== Mild Phenotype % PhenOtype
=== Renal Phenotype % Percentages
=== Lung Phenotype HI %
=== | ung Phenotype LI % H I (IJ MI 2023)

Alpha

Delta Omicron
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Hospitalization » Week 1 » Week 2 » Week 3 » Week 4
8 5 .

> Mild 1 wHild Hild

o 870 < 447

=] ~

o (6.9%) & (9.0%)

o m

4 (2

od
Renal — =Renal
113 M :
o 13 —

723

— e Renal ¢
);/;?/ 210 o
1 (4.2%) ~

T
=15

e | ung HI

11006 (35.2%)

168 © 116
(3.4%) (4.6%)
5 =t
O (=]
: ;
o~ Lung LI I‘GIL nge — Lung LI
] 1704 3z N W W 951
2 \ ) (34.4%) 2 NN L (37.6%)
\ A — N 2 A
\ A i \ \
\ .\l‘. \
b y Discharge IDischarge ‘ \\ 1 Discharge . = Discharge
e 18274 7117 \ \\ 2150 A\ 970
\ (58.5%) (56.8%) N\ (43.4%) LR (38.4%)

e Death
446

(3.6%)

Ho et al. (IJMI 2023)
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Questions?

tzanos@northwell.edu

Neuraldatascience.org
mimd.org
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