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Predictive &
prognostic
enrichment

Early
detection

Multi-omics
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https://assets.kpmg/content/dam/kpmg/kr/pdf/2020/kr-issue-monitor_healthcare-big-data-20200317.pdf



Domain experts
= ideal customer profile

HW

Deep Al semi-

Endotype Phenotype
learning conduct

Data (PHR, EMR, waveform, image...)
LLM

-omics (WGC, scRNA, proteomics..)
(Clould Al)

Quantum
computing

AGI (artificial general intelligence)

B Multimodal

[predictive/prognostic] Enrichment
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Med-PaLM 2
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MAYO
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Google's Med-PaLM 2:
Testing Al LLM in Mayo
Clinic

Assistant Vice President Analyst - Citi | Web3
Developer/Consultant | Al Researcher | DeFi

While Google sees potential for Med-PalLM 2 to provide tremendous value in
regions with limited access to doctors, the company acknowledges that the
technology is still in its infancy. Google's senior research director, Greg Corrado,
candidly expressed his reservations about the technology's current state, stating,
"I don't feel that this kind of technology is yet at a place where | would want it
in my family's healthcare journey." Yet, he remains optimistic about the future,
asserting that the tech could expand the beneficial applications of Al in
healthcare tenfold.

As the battle for Al supremacy in healthcare continues, it's clear that the
industry is on the brink of a revolution. Whether Google's Med-PaLM 2 will lead
the charge or follow in the footsteps of others remains to be seen. Stay tuned
for more updates on this exciting frontier.
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Collaborative data science team

* Data scientist

e Data analysts

e Clinicians

* Quality improvement department reps
e Administrative reps

* A chief information officer

* A chief medical information officer
* A computer scientist

e A statistician

* A database manager

* A project manager

MUK
pal
O
ORI
il
Pal

Define
Start problem

A
(
N

< Evaluation

https://medium.com/@rehoyt/clinician-data-scientists-9d82104fdad?2

> (‘engineering

Deployment



Clinician

Data scientist
Domain expertise
* Programming
(data characterization using their own

* Database management ‘
experience on real-world work-flow)

» Statistics
- Health informatics
* Higher mathematics
- Clinical informatics
 Machine learning
- Nursing informatics

Clinician (physician or nurse) data scientist

https://medium.com/@rehoyt/clinician-data-scientists-9d82104fdad?2
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Unsupervised learning (H|X| = St&) :

Dimension reduction (Xt@ ZH4)

Representation learning (

H
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Data generation (CI|O|E 44-d)
Association rule (2t %)

Collaborative filtering (8¢ ZEH )
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Deep (structured) learning (
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X|S: Multilayer perceptron

(Y2BI0IE 7 Y2 58 SHfsto] 24

. Forward propagation
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input layer ¢
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hidden layers

\»“'/} output layer
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4. Weight Update

HkZ YO0 E - YHHN O 2 gradient descent' 2= AFESHO] 7H5X| & H

\ 2. Loss Calculation
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Q13 X|5: Category

DBSCAN, K-means, Agglomerative, mean-shift, Fuzzy C-means

Clustering KNN, Naive Bayes, SVM, Decision trees, Logistic regression
Euclat, Apriori, FP-growth
e N Classification
Pattern search —  Unsupervised Supervised
_ J
\ . . Regression
Classical learning

T-SNE, PCA, LSA, SVD, LDA Dimension reduction

Linear regression, polynomial regression, Ridge/Lasso regression

\
/

. Stacki
Reinforcement acking

learning

Ensemble method

Machine learning

4 Bagging

|

Boosting

Random Forest

Genetic Algorithm, A3C, SARSA, Q-Learning, Deep-Q-network (DQR)

Neural network &
Deep learning

\

AdaBoost, XGBoost, LightGBM, CatBoost

Convolutional Neural
network (CNN)

Recurrent Neural
Network (RNN)

Generative Adversarial
Networks (GAN)

Autoencoder

Perceptrons
(MLP)

Transformer

LeNet, AlexNet, VGG,
ResNet, Inception,
MobileNet, DCNN

LSM, LSTM, GRU, Simple
RNN, Bidirectional RNN

DCGAN, cycleGAN,
StyleGAN, BigGAN

Seq2seq, variational
autoencoder

GPT, BERT, T5



Large
Language
Models

Dialog
Generation

Text
Generation

Classification

Knowledge
Answering

Translation

@

;;.-ltrr\lotebooks

Data-centric
Tooling

mHua'o‘:‘,Fw:t

Hosting

$¥HuggingFace

ljPlaygrounds
& Prompt
Engineering

Natural language processing (NLP)
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Large language model (LLM)
« NLPE|THEZE
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* GPT: generative pre-trained transformer

* BERT: bidirectional encoder representations from transformer



Tokenizer in LLM

A

“the reader is reading”

l split into tokens

[the, read, ##er, is, read, ##ing]

Index

replace with integers

[1,3,7,2, 3, 4]

Embedding Matrix

—

N

[-1.385, -0.839, -0.313, -0.1]
[-1.986, -1.05, 0.098, 0.096]
[-0.233, 0.984, 1.275, 1.848]
[0.767, -0.811, 1.545, 0.304]
[-0.321, 0.611, 0.352, 1.951]

B

Token | Index

0

read

#Hing

AlWIN|—




LLM (large language model) in Al

Tasks

Question
answering ™
Sentient % 4
Analysis

Data

\

) Information

‘7 Extraction \
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Structural Data " .‘ :
i \

Instruction —
Following g

Adaption

Fine tuning

Foundation
model

Object A
Recognition Bla
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OPT-IML (%) ChatGPT @ GPT4 @ 00 LLaMA2

Fig. 2: A timeline of existing large language models (having a size larger than 10B) in recent years. The timeline was
established mainly according to the release date (e.g., the submission date to arXiv) of the technical paper for a model. If
there was not a corresponding paper, we set the date of a model as the earliest ime of its public release or announcement.
We mark the LLMs with publicly available model checkpoints in vellow color. Due to the space limit of the figure, we only
include the LLMs with publicly reported evaluation results.

@ openAl

GPT-1 N GPT-2 W GPT-3 Heode Codex - w GPT-4

2018.06 2019.02 2020.05 2021.07 2023.03
decoder-only architecture  unsupervised multitask learner in=-comtext learning code pre-training strong reasoning ability

]
Ll
]
generative pre-training scaling the model size exploring scaling limits i multi-modal ability
]
Ll
]

code-davinci-002 —in:-lruclit‘!l text-davinci-002 Hil.l[l; text-davinci-003 +-.'Imt._ gpt-3.5-turbo ChatGPT
2022.03 2022.03 202209 o

capable code model instruction following human alignment excellent comprehensive ability

MA AIAE A2 88 0|
(E19): 9} =2

289 581 Openas

' |
20194 20218 2026(FHX|)
2020 - o= H 5 =T )
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GPT (generative pre-trained transformer) in Al

n Show me the schematic protocol in management and treatment of septic patient 7

Manag
a gene
on the
last ug

septic

1. Earh

Histo
Vital!
LabT
admit
analy

Imagi

2. Earl

Fluid
=24 m
Vaso)
vasof

dysfu

3.Sou

Ident
drain:

Surge

n Make the above a checklist

EEEEER
Ozes#ze e

rr

- s a ameen

Show me the image for the future and smart ICU using ECMO, CRRT, and ventilator?

. DALLE2

Created 4 images

AlEFRSA N EWS

Eulf ILION

Hallucination, Privacy, Copy-writing

29 B} = L TR

Here are the images showcasing the future and smart ICU using ECMO, CRRT, and ventilator:

1. Amodern, state-of-the-art ICU room with advanced equipment and a diverse medic = Regenerate
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=M T2 (Unmet needs)

Unmet needs: A| & A}



Classic development sequence

GO &

T oty

7|& o7 EH
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Actual Development sequence

7|% Q18)7t. B
(=U/=2l)
(guideline)

i 7= HE

(front-end)

NS WRNE
(end-user / final
consumer)

(pilot — extend)
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imaging
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* Thin and ephemeral
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* Big and weak
- o{&ot e AN7t 8la
* Small and strong
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Jane Doe
T-20201020141136

worsst | b Bl oo

Procedure Protocol

! CHEST AP

1987-06-15 Female
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ICU database

4 AL
HME
= I
E— Vent. rate 138BPM  **#* Poor data quality, interpretation may be adversely affected
Female Oriental PR interval 114 ms Sinus tachycardia with Premature atrial pl .
Qilimion ' I Nl T sbmoy ibdomentiat
Foc i s 33752 oy ‘AbeesmalECA 2 | Chest AP
3 Chest AP
';echnljun
= 4 | pocT
Referred by Unconfirmed
5 | Portable EKG (routil
6 |HEEE
_ o
7 0EE H=soEA
=]] =F
B | 2UrEY
9 | Ytisist
0
=3 o
1| 8%SD

PTx Check Manual Muscle Testing 1
PTx ROM evaluation 1
PTi Exercise(simple)
PTx: PROM exercise
HC|E RTH 20| 8 2| £{200~3500)200Kcal 900ml [ OHE

MLIZ RTH ZH0| & 2| ~{200~350(

W Current diagnosis

2 NSCLC (ADC) EGFR L8S2R, bone/brain/scalp/adrenal metastais,
pleural effusion, pericardial effusion, stage IV
</p pleural cath, insertion (2019.01.24-28)
s/p Tagrisso (2019-02-02-~)

never smoker
Iressa 12 2HER

o Study

@ 2019.1.31 Biopsy

1. <VENTANA PD-L1 (SP263) Assay Result>
mor Proportion Score: 10%

PD-L1 IHC 22C3 pharmDx Result>
nor Proportion Score: 5%

[Additional report-2]
The immunchistochemical stain results:
ALK (D5F2) and ROS1: Negative in tumor calls (no detectable staining)

[Additional Report-3]
EGFR mutation (PNA Mutyper real time PCR): L858R Mutant

@ 2019.1.31 WEBS
Multifocal skeletal metastases inve

appendicular bones.

rec) Tagrisso (2019-02-02~)

@2019.2.1 PET

Perihilar mass with intense FDG uptake in RUL, probably primary
malignancy.

LI metastases in the both SCF, R, paratracheal and Rt. hilarfinterlobar
spaces.

Multiple nodules, consalidations and septal thickening in both lungs,
suggesting pulmonary metastases with combined pneumania.

Large amount of Rt. pleural effusion and pericardial effusion

Diffuse bone metastases in the whole axial and appendicular bones.
Nodular thickening with focal FDG uptake in the Rt. adrenal gland, r/o

adrenal metastasis.

Several nodular lesions in the cerebellum, r/o brain metastases. Rec)
Enhanced MRI correlation.

No other remarkable findings.

@Chest CT 194.2
Decrease of primary cancer on Rt upper lobe, metastatic nodules on Lt
lung, LNs

G
ik
T
il
72
73
74
75
76
T
78
79

ST Cinic ObservationAssessment

cac

BLT Coure

o)
Oiffrentisl
Court

Whae
Hoad

AERYTELRE)

WBE COUNT

Dlfa reuragh
Thamboni mi

Band Meusrepht

Se9, Mautish
Limohocyte

i

"

AlZEY B HE .
2019-05-07 AIE | 2019
2019-05-07 AlE 2019
2019-05-07 AIZ  2019-(
2019-05-07 AI® | 2019-(
2019-05-07, AI® | 2019-(
2019-05-07, AlE | 2019-(
2019-05-07 ®E  2019-(
2019-05-07, AIE | 2019
curTuamur | T | euiEy
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100w
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Alrway_cuff prest
Alrway_ET
Ventilator 7%
Ventilator_I:E(set
Ventilator_Mv(Pt
Ventilator_PEEP
Ventilator_PIP(Pt
Ventilator_RR(PY)
Ventilator_RR(Se!
Ventilator_VtPt)
Ventilator_ Vt(set!

o

(CiNerepinephrir
(D)Morepinephrir
(F)Morepinephrin
Fi02

02(L/min)
Position
Rate(Norepineph
Rate(propofal)
Rate({remifentanil

Calcium B3 85-10.5 ma/dL L
Inarasnic P a8 28745 maiL oH 7.400
7 1305 madl pcoz id,2
Crestinine 03 048081 mAl L 02 68,2
Total Patein 56 60-00 Wil L
Albarin 30 3353 ! 1 tHb 12,5
A5TGE0T) u [T BE-ECF i1
ATGPT 14 50-460 A BE-B 133
. Binubin 3 0415 AL L sBC a0
LDIDH) 533 Ha-241 A freal Bood  jC03- 40,1
s e 1350-1850 ol as Analysis
K 53 15-55 mmelL TCDE (i
ol ® 4110 mmod L 802% &5
10z El -3 el H 02 Content 163
e 153 30-115 [ o 0.2
Lpsse 158 50-600 UL H 4D 02 20
BN 158 1305 el
Crestining 02 049091 medl L R LY
s 1 1350~1850  mmolL pOZFI02 326.2
3 15 3565 e, Het a0
2] a Cas+ (lonized) 473
2] Ll Mg+ +(lonized) 1.25
®GFR (MORD) =30 Lactat 12
#GFA (CKD-EP) 125 actate
28cmt
7.0mm =
PRVC PRVC PRVC
12 17 n7 12
102 95
3 @ 2
40
32
32
318
320 230
035 032
40 40
500 =nn
07 085
PRVC
Semi-F i - B STy
1Al 10 10
Fresofc 12 Fresofc 12
Ultian 112/240 Ultian 112/240

7.35~7.45
35~45
83~108

21~28
22~29
95~98
0~9

Semi-F

T ==

s e aan
s
Gucose stick 1
P 0 w ws @ 95 m i
SaES
SaETH
SHFIMR
2019-05-05
09:47
SEEE 12
S2F7ME B AE7
Ipesey oj0/=
T
01717t | 2019-04-30 [5] ~ 2019-05-14 [¥

w

IS

ol o

©

10

202

Meropen inj 1g (331/2)
IVE

Septrin 3T (35]/Y) PO
Candidas inj(RX| 8%)
s0mg (131/2) VF
Oneflu inj 400mg (1317
2) IvF

Teiconin inj 400mg (131/
£

Septrin 3T (35)/¢) PO
Teiconin inj 400mg {13]/
2) IVH

Vfend inj 160mg (23]/Z]
IVF

Tapocin inj 400mg (131/
2) IVH
Septrin 4T (351/2) PO

2019-04-30 2019-05-01 2019-05-02 2019-05-03 2019-05-04 2019-05-05 2019-05-06 2019-05-07 2019-05-08

Ll

o

ICU ultrasound




ojstx
QA
HQAH

e
o

=0
EREL

=
S
£

|

L
—

2
=

b

A o
(5 nis
=1 =

F M2

2|7t 2




Decision making in patient trajectory

Patient Trajectories

_A® Death
rd

Septic shock/MOF

7]
7]
Q
é Severe sepsis
e
o Pneumonia
3 surgery
s e
(<))
>
Q e
) Appendicitis
uTi

’ : Decision making

ufffer 8 tolerance

Medical errors

1.7 per patient per day in ICU

Time




Clinical Decision Making

Patient

!

Clinician

Knowledge

Long term memory

Data

&

Perception

!

Attention

Working
Memory

Inference

External Memory

Attention

Knowledge Data

!

Decision = responsibilit
P y Elson, Faughnan & Connelly (1997)
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Artificial intelligence in decision making
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Wireless IoT medical device < EHR < Deep learning algorithm < Alert system

Machine
Learning

EHR

Alert system : Safety
* Clinical decision supporting system

+ Efficient triage of hospital resources .
Real-time

transfer

Wireless
IoT devices




Development case

Enter vital Automatic Routine
signs iIn MEWS patient
EHR Calculation monitoring

- General Ward

- Patient : Nurse = .
Delayed input

— . Categorical alarm B System efficacy
system v

- Handwriting

False alarm —
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Al applications in critical care medicine

Recent studies of ML applicable to critical care

Sepsis

Mechanical
ventilation

False-alarm Reduction

ICU outcomes

Numerous studies evaluating a variety of ML methods to predict sepsis 3—12 h before onset

Nonblinded randomized controlled trial of a proprietary ML algorithm (vs EMR severe sepsis alert) showed shorter ICU and hospital LOS and lower in-hospital
mortality

Retrospective study of ICU complications before and after implementation of real-time predictive analytics monitoring display associated with decrease in
sepsis incidence

Reinforcement learning model developed to assess optimal treatment of patients with septic shock (vasopressors vs IV fluids) predicted higher-value
treatments than clinicians

Switching-state autoregressive model predicted vasopressor administration and successful vasopressor weaning

Random forest algorithm showed significant agreement with clinical experts in detecting ventilator asynchrony

Multiple ML algorithms identified ventilator dys-synchrony, but the best-performing model differed by type of event

Gradient-boosted decision trees algorithm predicted need for prolonged mechanical ventilation (AUROC, 0.820) and tracheostomy (AUROC, 0.830) at time of
ICU admission

Support vector machine algorithm trained using heart rate variability and patient-specific calibration data discriminated between light and deep sedation with
75% accuracy

Random forest model trained on human annotated alerts discriminated between true and false alarms for peripheral oximetry, blood pressure, and respiratory
rate
Multiple ML algorithms were used by teams competing to classify true and false arrhythmia alarms

Gradient-boosting decision tree model developed using a single center 14,962-patient cohort to predict the risk of ICU readmission was superior to other risk
assessments (AUROC, 0.76 vs 0.58—0.65); validation in MIMIC-IIl had comparable results (AUROC, 0.71 vs 0.57—0.58)

Random forest model developed using a single-center 6376-patient cohort to predict hospital-acquired pressure injury had an AUROC of 0.79 for stage 1 and
stage 21 injuries

Recurrent neural network models developed using a single-center 9269-cardiac surgery patient cohort to predict mortality, renal replacement therapy, and
postoperative bleeding requiring surgery outperformed other predictors in all outcomes (AUROCs of 0.95 vs 0.71, 0.96 vs 0.72, and 0.87 vs 0.53 respectively).
Validation in MIMICIII had comparable results

Unstructured text data added to ML models from MIMIC-IIl improved prediction of death or prolonged ICU stay. Gradient-boosted machines slightly
outperformed random forests, elastic net regression, and logistic regression

Gradient-boosted decision tree model developed using a 53-center 237,173-patient ICU cohort predicted in-hospital mortality well (AUROC, 0.951 in training
subset and 0.943 in validation subset)



Demographic factor + vital
sign + lab
Drug / intervention
Symptom (?)

Prediction Suspicion

/probabili
ty score

Early diagnosis & treatment

Experience & knowledge

Education/simulation (?)

Survival

Treatment decision




Machine learning

Prediction Suspicion

/probabili

EHR / digital
transformation ty SIColls

Machine learning /
workflow

Al support for Early diagnosis & treatment
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Data = Domain experts



O|O| E| {+ = 9| I}2l: Health care data structure

EMR

N

OCS

PACS

LIS

PHR

-omics (?)

N

|/

HIRA (?)

~

KDCA (?)

Private insurance

(?)

EMR : electronic medical recorder

OCS : order communication system

PACS : picture archiving and communication system
LIS : laboratory information system

PHR : personal health records

-

HIRA : health insurance review and assessment service [?j7c> Ho Al

KDCA : Korea Disease Control and Prevention Agency [ & & 2t2| A




O|O|E| {+ = 9| Im}2l: Health care data structure

/

EMR

N

OCS

PACS

LIS

PHR

k -omics (?) /

-

HIRA (?)

~

KDCA (?)

Private insurance

(?)

H|Oo|E %2
 Granularity ? : 04|) urine output — hourly or daily? = AKI prediction?

Weibull Distributi

| 0| Ef 2412

e Event distribution ? /

Wand Speed (mis) ? | MM SV U b e s Ve U s
ICU Sepsis
Calvert Il et al

- ICD-9 codes

- 22 SIRS criteria for sepsis for a 5 hour period of time

Sepsis onset: beginning of 5 hour period

- 22 point change in SOFA criteria

- Time of infection: antibiotics between 24 hours prior to and 72 hours after blood culture acquisition
Sepsis onset: earliest point of SOFA change

Desautels et al

O[HIE 82l?

Kam et al - ICD-9 codes
0 O - =1 &= =< - 22 SIRS criteria for sepsis for a 5 hour period of time
[ J XEI %:' O | ml —_— E —?— o XI x I- I-I XO-I O . ) _LL oEd 6 Sepsis onset: beginning of 5 hour period
L — 1 1 * Nemati et al - =2 point change in SOFA criteria 24 hours before and 12 hours after time of infection

- Time of infection: antibiotics between 24 hours prior to and 72 hours after blood culture acquisition
Sepsis onset: earliest point of SOFA change or time of infection

DAY EE WG
 Feature selection?
« EMRRE H|O|H - AKX vital Sign2| RI20| O| & X|=

* C(Clinical usefulness?

A2

https://towardsdatascience.com/clinical-data-science-an-introduction-9c778bd83ea2
Intensive Care Med (2020) 46:383—400 https://doi.org/10.1007/s00134-019-05872-y



https://towardsdatascience.com/clinical-data-science-an-introduction-9c778bd83ea2
https://doi.org/10.1007/s00134-019-05872-y

Health care data structure in critical care medicine

24h highest and lowest {

Admission information
Underlying disease
Diagnosis

Multiple
Prediction
score

Vital signs
Urine output

APACHE

/v
SAPS 11/1ll
MPM,
11/
SOFA

* Managements .

Structured diagnosis
Specific data set

Specific treatment & bundle cares

I/0O, type of fluids
Advanced parameters

e Serial f/u + Advanced LAB
* Chest X-ray / EKG e Serial f/u

Medications
Nutrition

Devices (ventilator, dialysis, ECMO etc)

* Discharge information .

Post ICU f/u until 1 years
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G| O| | - = 2] I}2t: Data differences depending on patients’ treatment location
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Health care data structure in critical care medicine

®

DISCOVERY "

The Critical Care Research Network

ANTICH

@ core

@ANZICS Cleica Trieks Googp

S .
i _
Zlay] TRIALS GROUP

elCU Collaborative
Research Database

MTATITWAN
COIRIC

Biomedical
rescarch data

Cross-scale

Population -» Population data «

Individual » Clinicaldata «

Organ \ :
Tissuse | -+ Imaging data =

Cell |

beollitar |
U = Blological data =
Protein

Gene

Small » Drugdata =
molecule

Data science

Cluster computing
Cloud computing

Artificial imtelligence

Informatics

Public health
Informatics or
epidemiology

Clinical mformatics

Imaging
informatics

Bicinformatics

Chemoinformatics

Data-driven biomedical rescarch
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IFOTHYESH SO MIMIC 11l
AMHR Open source data
(800 bed) ICU data (58,000)
2001-2012

(Carevue+Metavision)

Collaborative research
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Commercialization for Artificial intelligence software - KFDA
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KFDA “ Al-medical device guideline

EXlel=2HE 2y
7
ozr PEEX | sz ok
HEAICH Zo} &2 28 5=
% ShE O[O Ol|A|
«8IHO|H-AZF HE8E o577 = 2|28 HIH|O|HZ 2] EMR,
=M5t0] 22 ZTH O F5E 52 AT EQ0 FEfQ Q= o|=225
O|=7[7|2 2|O|3tH, Hile{d A S 7[EIe 2 O[22 & (QIAH=2 OlA}SIS|
':"E1|O|E1 3 24510 EF IEHZ QlAStD S Jlo|=atel £)
HEhosee =N S5 X282 MSot= Aol Y - -
Ooff) Aol AtZE K| &l(cDss), 2l 2 QA RITHE X (cAD) &
- Watson for oncology X & Th=o| Sh=7d H 9
HIAE O O|HE AM =X

HEGZATAN 4

2o|o}

£l o|27|7|9| & 7} Al A} 740| E 29I

= Lj QISX|s (A 2&27|7] ez B!

T Ol



KFDA “ Al-medical device guideline”

<Examples of medical devices=

O Software that diagnoses the existence or progress (stage) of lung cancer by analyzing lung CT image

O Software that diagnoses or predicts cardiac arrhythmua using electrocardiography results

O Software that calculates the probabibity of onset of a certam cancer based on medical mformation
mcluding biopsy and electromic medical records (EME)

O Software that diagnoses the existence of skin cancer by analyzing skin lesion image

O Software that predicts hypoglycemua by analyzing information such as blood sugar data, mfake of
food and msulin mjection

O Software that predicts or provides wamng mcleding alarm for emergency sifuation such as
shortmess of breath by analyzing vital signs measured and compiled i an emergency room

O Screeming software that detects and marks abnormal area by analyzing stomach CT image

O Software that prowvides quanttative value for a certam area of blood vessel such as blood flow
velocity and blood vessel diameter by analyzing medical image

O Software that establishes radiotherapy planmng based on the medical data

B 225 DHY 228 o eHEAE| X|H pdf

B 7H4 S AU VRAR]+ 7| £ 0]+ T2 E + 2| 2772+ 8| 7h-41 Ab+ 70| E 2+l pdf
B CIX 2K E 7|7 +8| 74 AL+ 7HO| E 2421 pdf

B =igiol8_ 9 P1ZX| 5 _7|20| e E o|=27|7|_5{7halAb_Tto|Eatel pdf

B 2EAH0{+2/27|7]+3|7h A A+ 7H0| E21QI (21 2 B+ OFLY M), pdf

B A ORISR YA A S QA B A =M _EHd 70| 22}l (RI9 91+ QLY Af), pdf

B o|27|7|+ AT EQ0]+ | 7HA Ab+ 7H0| S2FQ1+ T = (B 2 91 + OFLY M) pdlf

B 0|2 7|7|+ HIZES| 7HS + A0 + 23+ 7178 + 82 M (21 & QI QHLY M) + (LY A -1170-01).palf
B o|27|7|+ 8 7H DA AFS O hEh+ 7378 + 142 M (B1 2 91 + OHLI M) pdif

B 21271712+ RIS + AL BB DL A+ H S + 2T | E pdf

B 2|2 7]7]2]+ ALO| B + L ob+ B gube 1 2y ARE| T (D12 01+ OFLY Af).pdf

B 2127|7|2]+ Aot & b+ 5| 7}-&l AF+ 7H0| E2}Q1 pdf

B 2|27|7|2]+ £ AHR B H(RWE) + & 2 01| + {3+ 7}0| £ 2421, pdif

B oIBR5+7(8142127|7|2]+ LAl + QE A + BIh+ 7H0| S 241 (B1 21 01+ QHLEA) + (P H 8. pdf



3.

Input

HE T

=
xS

A& G| OfH
ALE R

C §§Iulm D

itg 230 Hgzol —_ N

S4eR
Py

HH0| B E 7 N
ot WA 0| ESB7h

li'ﬂl :|.’ ?‘ Iigc uqob X| b.')lL A 2- 112: u“ol Q‘I uai’.'u X|r,:-| ;:5?
He &89 O%F 27

(REAM -,JF O] ek ZX| 9| p_-:-}(g‘l -;r,—’l -

un. 71517t HEE X-rayO|L} LAFFE CT, MRI
e S=4 2F 27

l"3172- 1517} HBE JEL0|L) UEAEE A BEE U8 2= 47

He 584 0% 27

o) 2137 HEN 20| CNN{Convolutional Neuwral Networks)® 0] B3te
d%llcs 85

Y o) 7|37 &N T SE M g 9 ol JKe ESH
gualg P N 8%
ol ~ 7]—* R.Ab
=T = "l
EEPIN S QOIE0] T gXe 54, WYL S8, R S0 BB ¥R
! o) BXe] §4 : 2% HOIEHE 7|37t HIZE 4o ddo|uy
Y ME HZES A0 HY GO|EE AIES AFWE 558 213 287
ot 2) O EEE - 7|87 MBS A WY 12]0iL
SSHolH:= N "."? g ¥ / “.gw ) S LI S aaTraie
& enly OE HES HOIE WY 17]-27] COIEE AHSE ARE
ssBh BE4 oN %)
3 'Y of3) E¥e § 21617} HEE Sy 130
ME MBS Sk 2% GIOEE MBS H20= E5d 2F 27

Output | H23 uMof (FF— N
de

ZY BSOILE M &2 BI-RADSY IHE

= qur
- ?3 TR(EE == HAY ME}E] 20 ESY o T

:

YA ExE
A







* Early prediction for patient deterioration (CPR, ICU transfer, cardiac arrest, death etc)
e Early prediction for sepsis
* Early prediction for Pulmonary thromboembolism

* Early prediction for acute kidney injury




True Positive Rate (Sensitivity)

7t 2 SEXHA 2 X} ALY o = (development cohort)
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Deep learning model development (prediction for acute deterioration)

6AlZt =2

True Positive Rate (Sensitivity)
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True Positive Rate (Sensitivity)
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Data flow in software

User - Frontend

Data Flow in Software

User sends
Request

Web Server - Backend

Language

HTML
CSS

User gets
Response

Business Logic — Coding - Files

PHP

C+

Python
JAVA

SQL Query

Database - Backend

Insert, Update,

Fetch, delete

——
Saamei®

Databases
«  MysSQL
+  MongoDB
* Oracle



Back-end

EMR
=3 AH

0CS, LIMS,
PACS, MUSE,
etc

«————’

I0E A H

DBA{H] (O] S =)
- Mirroring
- Web

«————’

|/AI—CDSS (A)

|/AI-CDSS (B)

a

AI-CDSS (C)

a

Al-CDSS (D)

|/AI—CDSS (E)




Front-end (design)

Making Technology Work

® People will use technology if it saves them time

® Alcidion’s design principles
1. Access tokey data< 1s

2. Make the right thing to do the easier thing to do

3. Every click (or tap) i1s pushing the friendship with a ¢

4. Each specialty is it's own business

mcian

¥® . coion
o8 LCIDION



Front-end (design)

RFID Login 33 ALCIDION




Specialty Cont

® login time 1 s|

® Important infc

® Clinical risks h!
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