HEADLINER USE CASE
Elevating the accuracy of diagnosis, doctor productivity and
patient satisfaction with Apollo Clinical Intelligence Engine

Dr Sujoy Kar

Chief Medical Information Officer
& Vice President
Apollo Hospitals

PLATINUM SPONSOR
® @IntHealthAl HEADLINE PARTNER INNOVATION & TECHNOLOGY

credited
pd #IntelligentHealthAl
e #SaveLivesWithAl

\ 13-14 September B

INTELLIGENT " an,
EATHZ02s  MINBEP S

U/, NOVARTIS | [enowts Deloitte

2

CITY PARTNER

basel.ch



Clinical Al = ML Programs

Snapshot of Ongoing Programs at Apollo Hospitals

September 2023

PLEASE DO NOT RECORD THE CONVERSATION OR TAKE SCREEN VIDEOS OR SCREEN SHOTS AS THE CONTENTS ARE PROPRIETARY AND MAY LEAD TO IP VIOLATION




E’E’)Ibuo HARNESSING DILIGENTLY COLLECTED EMR DATA
OVER 15 YEARS

Encpowering Supporting OPUMIZING  pygenting Meeds

PATIENTS CLINICIANS OPERATIONS COMMUNITY
‘enhancing quality of care ‘improving throughput, L
‘enable with better access and ‘C,’;q v of P : ¢ . b ‘creating insights & state-of-the-

, by comparing performance enhancing patient safety , '

meaningfully used data to , . art solutions, that are user friendly
, and learning from each and the potential for L
promote health & wellness i . , and can reach the last mile
other reducing healthcare cost
| | | |

(This presentation contains Confidential Information which is a sole property of Apollo Hospitals and should not be shared / printed / referred unless authorized)
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Ethics Imperative
Constituents for Ethics in Al and Digital Health

Safety & Non-Maleficence
Accountability
Efficacy
Accuracy
Integrity

Fairness & Inclusivity

ETHICAL
CONSIDERATIONS

The principles that governs the

e

ethical aspects of developing,
validating and implementing Al

and Digital H

Clinical Need
Addressing Bias

SUITABILITY

The aspects that deal with

Practical Accuracy

Human-Machine Handoffs
what is suitable for a

Clinical Al Program —
What Works and What
Does not ...

"

https://rdcu.be/cOMN3
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Interoperability
Universalization

Calibration - Benchmarking
ADOPTION

How are Clinical Al and

Clinical Relevant Outcomes

igi Patient Safet
Digital Health Programs atient >afety

implemented — the change
management of things

Verifying before Deciding

EXPLAINABILITY

How we make the Clinical Al Building Trust in System

Models and components of Counterfactual Reasoning

Digital Health much easier for New Clinical Insights
understanding and

implementation

EASE Framework is an Apollo Hospitals Concept
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Identifying clinical entities in
vast and diverse dataset

pollo ,
. H?:EF'IIT}.':LSII

For Self-Care portion of
discharge summaries

Sl

X )
| DDD

@ Entity Disambiguation

Associating the clinical entities
with different codes and clinically
relevant classification
(medication + lab results)

Language Translation @

Medications, Lab Logic, Self-
Care, Triage, Pathways,
Knowledge Base, HiPAR Data Engineering

Technologies On Use

Differentiated Database @ of Generative Al +

Machine & Deep

Learning Work data there are negation and

over emphasizing a clinical
term or decision

Identifying where in clinical

@ Developing prompt
methodologies to question about

888 care directly to clinical database

000 & get curated answers on
diagnosis and treatment

" Question & Answiers Relation Extractior

Ensuring no Personal
Identifiable Information and Identifying relations between two X
there in text of tabular clinical entities, identifying their X
formats of the data correlations and merging different X

datasets to stich the context

Anonymization @
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%10"0 Clinical Al Workstreams

HOSPITALS

Al Risk Scores

Disease Progression &

. . . Empirical Antibiotics
Prevention Trajectories

Physician Facing Early Warning Signs

Federated Learning
Deep Learning

Edge Devices
RS—RL—BNSL
Causality

CIE
SympAl + CDSS

Conversational Al

Image + Signals TOp Algorithms

X- Ray, Mammogram
ECG / Dynamic Vitals
UNAT (DL)
Federated Learning

CNN

Throughput
ALOS — Readmission

Patient Facing
NLP
Deep Learning.

Optimization
Generative Al

CIE — Clinical Intelligent Engine RS — Recommendation System

NLP — Natural Language Processing RL — Reinforcement Learning

CDSS — Clinical Decision Support System BNSL — Bayesian Structure Network Learning
DL — Deep Learning TOp — Throughput Optimization

ALOS — Average Length of Stay






Apollo

Bring Apollo Clinical Expertise to every user interaction CIE
For Customers/Patients . For Clinicians
Contextual Health Info discovery & Next best action Data §C|ence & Al assistance in clinical practice
Machine
. Learning . .
.. Discover causes to symptoms & CIE assisted Doctor consult
10% of users in 247 typically search via symptoms, Compiitaonat Collect complete history by asking right questions,
diagnosis, etc. 50MM+ people search on google assist doctor in rare diagnosis
v
L Discover Labs/Imaging =, Case Info

50%+ users do not know what tests to do Automated process that mimics a typical doctor-
patient interaction to triage serious cases and collect

Reasoning symptoms and past history info of the case at hand
Engine

“ Drug Interactions - Safety Advice

Typically, 2%+ prescriptions have drug interactions N K . .
ypically, £ preserip S B 9 Case Summarisation
e e v’ Automated case summary is generated, including

- . . Base % real time extraction of past history from previous
.. Discover Specialty and Doctors encounters. Saves times in OP, helps focus on

25%+ people do not know which doctor to see 5 diagnosis and treatment

ll:/:'U; L/} _
Clinical NLP/ NLU u Case AnaIySIS

8 Health Genie Med'?al Clinical recommendations are built using Apollo's

Constantly watch a consumer's record to find issues Intelllgence vast clinical o!ata repo_sitory. Next best steps are

in medications, provide actionable next steps, etc Platform suggested with explainability to help doctors

consider all possibilities before finalising diagnosis
and treatment

(This presentation contains Confidential Information which is a sole property of Apollo Hospitals and should not be shared / printed / referred unless authorized)




Clinical Intelligence Engine

&

@ Piease tell me which is the symplom that's <« Assessment Report

troubling you the most*

€— consuLTROOM REMIND PATIEI 5 Key Highlight
10-15%

Clinician time saved

E@‘ Probable Diagnosis

Based on your symptoms, you may have one or more of these
conditions.

Mood Swings ) )
n Pneumonia Diagnostic Tests

Suggested Diagnostic Tests

BilieEE || 6 Used by 1500+ doctors
Ultrasonography (UsG) @ across specialties

‘. Chest Infection

‘1‘ Chest Infection

Urine routine and microscopy @

Covers 1300 conditions
and 800 symptoms

Apollo 247 Recommends:
Prostate-specific antigen (PSA)

Doctor Consultation P g @
r:Io Our expert can help make an accurate
k3 @ diagnosis and suggest the best treatment

plan to make you feel better.

@ Please select which of these is applicable
toyou

Diabetes Thyrood High BP Cholesterol

Renal function tests (RFT) @

covers 95% of Daily

case mix in outpatient
setting

Book an appointment with a specialist: Diagnostic Tests

#1§ PuLMONOLOGY : :
No Diagnostic Test Added

ol @
o) - [evw—]

L] 5

Dr. Ishita Singh Rathore
o PULMOMNOLOGIST | & years Exp.
M.B.B.S., M.S.
9 Gurgaon @ English | Telugu | Hindi

CONSULT AT ¥ 500

>80% Accuracy with

Google partnership
(Benchmark 50-60%)

Lung Disease Smoking

Diabetes, Smoking @

For Customers / Patients [247 Platform] — For Clinicians

Contextual Health Info discovery & Next best action Al assistance in clinical practice 10
(This presentation contains Confidential Information which is a sole property of Apollo Hospitals and should not be shared / printed / referred unless authorized)




Al based Disease Progression & Risk Score Models
* Design — Development — Deployment

Problem we faced 6 Value Capture: Deployment Q Key Highlight

Growing epidemic of non-communicable API Calls (Since Jan 2022)

diseases like Cardiovascular Diseases, @ & Validation
Diabetes, Kidney Failure, Liver Fibrosis etc. In different geographic, ethnic I 870 K + Apollo
Hospitals

Risk scores for NCDs onset to help identify and socio-economic

at-risk patients AICVD Pre-Diabetes Al population worldwide Outside Apollo
. 1 0K+ Hospitals (July
Value Creation: Methodology Prospective Use Feedback loop 2023)
Integrated to EMR & digital Inferences

Longitudinal Patient Data 5 — 10 years health platforms data from the
Over 100+ clinical predictors from health check and Al-LF - users help calibration of the B AICVD stats
discharge data model across ecosystems High Risk 14%
Deep Learning Algorithms with Time to Event Hazard ehT . Moderate Risk
Analysis — Accuracy [0.86 — 0.92] Personalized
Based on risk category recommends peer reviewed X\ A Provides personalized Prediabetes Al

> . N\ recommendations to reduce o o
Clinical Pathways [Next best action] ont - the modifiable risks through High Risk 0.6%
ISO — 13485 Certification [SaMD] holistic program Moderate Risk

(This presentation contains Confidential Information which is a sole property of Apollo Hospitals and should not be shared / printed / referred unless authorized)
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Al based Disease Progression & Risk Score Models
* Design — Development — Deployment

2

BOSPITALS

Problem we faced 6 Value Capture: Deployment
Growing epidemic of non-communicable Validati

diseases like Cardiovascular Diseases, alidation

Diabetes, Kidney Failure, Liver Fibrosis etc. In different geographic, ethnic
Risk scores for NCDs onset to help identify and Socio-economic

at-risk patients AICVD Pre-Diabetes Al population worldwide

Value Creation: Methodology Cglb .¢] r. Prospective Use Feedback loop HEALTH

Integrated to EMR & digital
health platforms data from the

Longitudinal Patient Data 5 — 10 years

Generated using

Over 100+ clinical predictors from health check and Al-LF - users help calibration of the world's first Al powered app

discharge data model across ecosystems for Health Camps

Deep Learning Algorithms with Time to Event Hazard

Analysis — Accuracy [0.86 — 0.92] Personalized

Provides personalized

recommendations to reduce
the modifiable risks through
holistic program Participant Report

Based on risk category recommends peer reviewed XA\
Clinical Pathways [Next best action]
ISO — 13485 Certification [SaMD]

UHID  : Apj12345 Name  : SujoyKar Age : 45
Gender : Male Location : Hyderabad Mobile : 9831840587

APOLLO HOSPITALS THANK YOU FOR YOUR CONSENT

Based on current parameters, personal & family history, Al enabled tools derive health risk scores to alert participant on his/her likely
predisposition to a disease to aid early detection & early medical intervention to mitigate the risk

(This presentation contains Confidential Information which is a sole property of Apollo Hospitals and should not be shared / printed / referred unless authogzed)



E"}.O"O Al Based Risk Scores — Integration to Fitbit <> ConnectedLife

HOSPITALS | —_— .
Patient is identified for — =
population health [ ] S r—
assessment 4 - —
| | " . :'."_' o
| AICVD questionnaire ==
—" is completed and | mmm——— == | N
! udges and
) . Visits the Doctor/Pharmacist, Patient is onboarded onto prepopulated with AICVD reported reminde?s based on
Books appointment and fills completes assessment survey ConnectedLife with onboarding data from generated including X .
up pre-assessment survey Fitbit wearable and recommendations to recommendations in
onboarding data improve. the report
() © o o o 6 ©
[ r
e [
Patient continues to be co 000
monitored for improvement in oed
CVD risk ®
Py |
v ® o 10 o] O @
& W
? i ! Sami grerragd
- . = R -
- + . [P e —
Patient enters . Lo . Pintet it
Healthcare treatment -
_ecosystem for more - e
intensive assessment In-person visit — E
and monitoring of Reminder every 6 d
CVD symptoms months for in person View longitudinal AICVD risk assessment tool Solution prompts .
visit. changes in the CVD risk helps to understand monthly users to log their Solution prompts
score over time. Patient reassessment of scores which smoking & users to log their
gets a reminder every 6 highlight how the score drinking Habits lifestyle parameters

: changes with lifestyle
months for an in person parameters. Indicating if a user

appointment is on track to improve their risk



Conversion of DICOM ECG Images to Tabular Format for building Large Language Model in Diagnoses and Disease

%! Progression of Cardiovascular Conditions
APO"O Bharath Potla, Dr Shivkumar J, Dr Sai Praveen Haranath, Dr Sujoy Kar, Dr Sangita Reddy

HOSPITALS
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Figure 1: Sample of an Original DICOM Image ECG Figure 2: Converted ECG Image from the .csv (tabular format) — (x, y) coordinates of Figure 1
o Category Age >/<45  Normal / Abnormal Gender Heart Rate >/< 90/min
. Lead-| ( 0.79 0.5
' Lead-Il 0.58 0.56
Lead-lll 0.52 ! 0.57
o Lead-IV 0.63 0.53
Lead-V 0.7 0.86 v : 0.68
6000 Lead-VI 0.66 0.54
Lead-VII 0.56 0.58
Lead-Vill 0.72 0.59
Lead-IX 0.65 , 0.65
s Lead-X 0.61 0.79 0.66 0.72
Lead-XI 0.74 0.62 0.7
Lead-XII ( 0.76 0.61 0.56
e e e [ e e e Lo s [ s Lead Il 0.72 08 0.65 0.64
:‘D’:‘::'% 7 T e R P 2 Figure 4: Lead wise AUC scores for different clinical variables with definite higher scores for
HR >/< 92 6298 6304 5778 6061 6127 6405 5783 6116 6130 5702 5929 5975 5432 clinical categories (normal 'S abnormal) comparing to others
s Reproducibility 9105 90.00 9512 9819 8814 8940 9191 69.14 7124 8130 8589 7504 8029

Figure 3: Cross Correlation of ECG - database in comparison to different clinical variables,
showing consistency with ECG Reproducibility using DICOM to .csv conversions.
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Apollo Throughput Optimisation (TOps Algorithms)

Level Up Clinical Protocols

Pre-Anesthesia Algorithm

Early Warning Systems
Wards / Telemetry

ER Triage to ICU

A
Apolio

afia

El

Discharge in 24/48 hours

Clinical Needs

* Risk Assessment tool for
surgeries

e Estimates surgical duration,
blood loss and post operative
patient placement

* Tool to help recognize early
signs of clinical deterioration
and trigger more intensive
care

* Prediction of Mortality | Risk
Stratification | SHAP values |
Advice for monitoring

¢ I|dentifies patient that could
possibly transfer to ICU from
ER

* Risk of mortality in next 7 to 28
days

* Predicts probability of patient
discharge in the next 24/48
hours

e Use of Generative Al +
Differentiated Database in
building Discharge Summaries

Design &
Development

* 347K Surgeries
* 8 locations

* 500+ surgery types over 18
months

* 145K Critical Patient
(Anonymized) Data

* Biphasic Model - Vitals +
Clinical Features + Lab Data =
XGBoost + Nested BERT

¢ Identifies patient that could
possibly transfer to ICU from
ER — Over 5K Data

* Prototype Research -
https://www.nature.com/article
s/s41598-021-92146-7

¢ Collaborative Model with
leading Organization
e 160K Patient Data

¢ Business Process Re-
engineering

Ground Truth

Impact

Accuracy — R?

Improved OT Scheduling*

Accuracy —

Remote Health Monitoring*

Accuracy -

> 10K Risk Stratified (COVID)

Accuracy -

ALOS Reduction*
Improved Discharge Processes*

(This presentation contains Confidential Information which is a sole property of Apollo Hospitals and should not be shared / printed / referred unless authorized)

* Ongoing Prospective Use .


https://www.nature.com/articles/s41598-021-92146-7
https://www.nature.com/articles/s41598-021-92146-7

o s
Throughput Optimization Apolio

Pre-Anaesthesia Algorithm

"\
A’ﬁ‘ollo

HOSPITALS

Ward to ICU

Early Warning Signs
Bi-Phasic Algorithm

AUC 0.92

OT to
ICU/Ward

Post Operative
Care

TOps
Level Up
Care
Protocols

AUC 0.89

Home Care

Home Care to
ICU / Wards

AUC 0.93
Emergency Room

| ER Secondary Triage
wip . - Admission to ICU
Criteria

AUC0.91

D24 & D 48 hours / Mortality Predictions

(This presentation contains Confidential Information which is a sole property of Apollo pitals and should not be shared / printed /"eferred unless authorized)




Empirical Antibiotic Recommendation System (Apollo EARS)

Al augmented Pathways

Challenges a Solution H Ground Truth
How to aid the : ‘%‘O“O J;pollo I:mpl:ill:i-!l Ar;‘llblotlc . ® Provides an accurate
. . | ecommendation System | . . e e
doFtors In §e|_eC’F|0n ; ’ | Empirical Antibiotic
Of Ideal anthIOtIC : UHID:‘12345G GEN;)ER‘MALE DATE OF RéPOHT:25-7-2023 i Recommendation for the
H L] 1 . . .
i Clinical Condition ACUTE PHARVNG\TlTsd:gRE Specimen Throat Swab I : P hyS|C|a N at p0| nt Of care
D ete Ct’ Re S p on d ! an d i m:l:::::my Antibiotic cha::Sr ::::::z::: Athiﬂ:u cmam:: i
Contain Resistant | e S T——— . * Yields 3 top probable
Path Og e n s i :zp';runslllvm Antibiotie | * Cefepime | On going Antibiotic name o Ciprofioxacin i o rga n is m S i n t h e Sa m p I e
| i collected with
_ ! T T T CoT T T T ! corresponding antibiotic
Patient factors and : | [ (= ! ! .
. . . I | = ' . sensitivities
history could differ, L 38 | |
which needs to be I | ' ! :
. o TTTTTT T 2 " !
considered : - - i Impact
i Generic Results (Recommendation Organism, Probability & Sensitive Antibiotics.) i .
. . : Organism Name Probability Antibiotic 1 Antibiotic 2 [ I : i 7 Apo I I o H Os p Ita I S
Analytics Insights i e Pﬂ i Prospective Roll Out
. . ! i hnd o Chioramphenicol : | Amoxic @ !
o H O S p I ta | Acq u I red i Streptococci species 0.06 { Clindamycin Ampicillin 1 E I :
I nfeCtlo n S E Location Based Results (Recommendal:onVOrgamsm, Probability & Sensitive Antibiotics.) ) E [ ] Outco m e Accu ra Cy Of
o Community e D _‘2 — >80% with change of
ACqUIred i These results are based on the Recommendation System which are updated every quarter. In certain cas E AntibiOtics in 15K COhort
I nfectio n S i are not displaved. it could be because of lack of instances and not meetina the minimum threshold for r~ i

WA
Apollo

Key Highlight
Accuracy
%
© 87%

The program currently
covers:

260K+ Isolates

57 Specimen types
181 Organisms

152 Antibiotics

20+ Hospitals

4+ Years (Since 2019)

Country wide
Prospective Cohorts

with 20 Renowned

Specialists .



Using GPT : Architecture for Unit Discharge Summary Generation z,;ﬁ;,..o

HOSPITALS
B ittt " Y 3
/’ \\ : §:
' \ |2 ‘ '
' T P t "" N t "" RV Ve E "" I
| RN =N I i | > ' !
! oo a2 1! v - T ) ! :
| et —— B B —— R —— |
: D EHE ! - - -_" - |
! g 8! . ¥ . ¥ ! :
! | 'Z15 1 Classify !} LabRange;: HiPAR | SNO'\S"ED ' g"ifc !
1 1 [ o, | ! . L. 1! 1! 1! e are
' D ! . L2 Druglist i List |1 Drug List |1 UML ¥ !
! Discharge —_— ! .-‘-2. \ & A oA )\ Code )\ Triage
— Summary X ! ! X g: T IoooooooIi_Szzzzzzoozl Nt Soroorooozl
' Data Base | ! ! 71| 1 _Differentiated Databases = Discharge Summary Modules
! X | . LangChain | e
: : Response
\ '
E ‘/ \\I M e - -
s !
K ASK ApoIIo Tabular Format Data (Other Used Cases
<é ! | - Longitudinal Patient Journey
S | ® | - Disease Progression Models
Q -. : - Daily Case Note Generation
>S5 ! 1
g ! ah - Virtual Tumour Board

(This presentation contains Confidential Information which is a sole property of Apollo Hospitals and should not be shared / printed / referred unless authorized)




IEC 62304 Process - Safety Classification of Clinical Al API

[ Class C ( by default) }

Cana
Hazardous
Situation arise
from a failure
of the
software?

No

Yes

Evaluate effectiveness of Risk Control
measures external to the software

Does failure of
the software
resultin
unacceptable
risk?

No
Residual Risk in
acceptable limits

Flowchart for Safety Classification
Highlighted Line Depicts the Flow for Clinical Al APIs

What severity
of injury is
possible?

Serious Injury
Death il

Non-Serious
v Injury

e ) (s ) (

Class C J

bsi.

Certificate of Registration

QUALITY MANAGEMENT SYSTEM - ISO 13485:2016

By Royal Charter

This is to certify that: Apollo Hospitals Enterprises Limited

Road No. 72

Film Nagar, Opposite Bharatiya Vidya Bhavan School
Jubilee Hills

Hyderabad,

Telangana

500 096

India

Holds Certificate Number: MD 763515

and operates a Quality Management System which complies with the requirements of ISO 13485:2016 for the
following scope:

The Design, Development and Deployment of Artificial Intelligence based Application

ﬁogmmmhmafacs(APls)forpmdngldamahmbymeasddndDemm&mt
Cardiovascular Diseases, Prediabetes & Diabetes, Liver Fibrosis, Empirical Antibiotic

Recm\mendabonandAcuteExacetbabmofGPD&Asﬁm

GCUW\ C_SNactc

Gary E Slack, Senior Vice President - Medical Devices

For and on behalf of BSI:

Effective Date: 2022-02-28
Expiry Date: 2025-02-27

Page: 1 of 1

Original Registration Date: 2022-02-28
Latest Revision Date: 2022-02-28
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.making excellence a habit”
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