i

I

11

5 :
AL e e "/ # lzl
CJ_U'"U A'j-/ }Q/,lf Wwh

Artificial Intelligence in Internal
Medicine

I el A s

Dr. Nasibeh Rady Raz

PhD in Artificial Intelligence and Robotics

Assistant Professor in Artificial Intelligence in Medicine, Faculty of Advanced
Technologies in Medicine, Iran University of Medical Sciences, Tehran, Iran
radyraz.n@iums.ac.ir




3
Qj ..“,W.
wﬁ_é




Course:

Course Topics
Artificial Intelligence (Al) in medicine
Al and Fuzzy systems and its applications in medicine
Machine Learning and its applications in medicine
Evolutionary systems and its applications in medicine
Neural networks and deep neural networks in medicine
Application of Al in Early Detection of Disease
Swarm Intelligence and multi-agent/swarm in medicine
Application of Al in Cancer
Application of Al in surgery
Applications of Al in Neurology
Application of Al in Internal Medicine
Applications of Al in cardiovascular
Applications of Al in Breast Disease
Application of Al in Ophthalmology
Application of Al in Nephrology
Application of Al in Otorhinolaryngology
Application of Al in Gynecology and obstetrics
Application of Al in pediatric medicine
Application of Al in anesthesia
Application of Al in emergency medicine
Applications of artificial intelligence in orthopedics
Application of Al in pain management
Application of Al in pharmacology
Application of Al in dentistry
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Inte rnal MEd|C|ne internal medicine

focused on the “inner”” diseases
instead of the external
Mmanifestations of those diseases.

Allergology Angiology Cardiology Clinical immunology Endocrinology
a1 () Y @

Gastroenterology Geriatrics Hematology Hepatology Hospital medicine

&

Infectious disease Intensive care medicine Neonatology Nephrology Neurology

A

w

q

Oncology Pediatrics Pulmonology Rheumatology Sports medicine
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Nature Medicine volume 30, pages584—-594 (2024)



https://www.nature.com/nm

Diabetes Managment

Gene therapy
Artificial
intelligence 3 Medi
o4 edical
AAR - /\__ nutrition

therapy

Drugs in the
pipeline:
¢ Ladarixin
e LY3502970
e SCO-094

Recently introduced drug:

Tirzepatide Stem cell

therapy

Nanotechnolo

International Journal of Obesity volume 47, page51179—1f§9 (2023) ‘
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Angiology

Radlomics Deep learning-based Clinical or patient data A-line classification

coronary tree extraction
pww\v-\..

.- .
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Precision Multimodal Longitudinal
phenotyping learning representation
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Automated grading Plaque detection and Automated pradiction of Automated plaque
of stenosis severity component segmentation myocardial infarction segmentation in OCT
Non-invasive Invasive
plaque plaque
quantification quantification
— —

Calcified plaque assessment ] Risk \msiwt plaque quantification
in non-contrast CT stratification 5

Coronary calclum scoring Automated CAD- PET or CT plaque Automated plagque
RADS categorization assessment segmentation in IVUS
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Adopting Artificial Intelligence in Cardiovascular Medicine: A Scoping Review

Output / Function
/, ‘ Screening
—— . Diagnosis

== L.
—
——— . Prediction

Al research in Cardiology
Published Articles on PubMed

Cardiology o=

Others
29% Asia

9%
11%
% A 58% Europe
28%

Input data

o Flrtir ot
A (5 L b <l
b ,.f_«mv et

Clinical
Decision Making

Clinical decision making
Omics 1%
6%

-

Functional Characterization
Prediction
Inference

gg 2 8 8 = 2 g8 Other regions 3%
. Resolution
Omics Data ~ Genomics 6.0
. . !t ‘I;
Eplgenc-xmlcs. ,ﬁ.’, Bulk tissue
_ Transcriptomics oIl
Myocardial Samples ¢ : pem
Translatomics Single cell
. .
Blood Samples { P.ro.t eomncs
Lipidomics ® Single nucleus
‘ Metabolomics
y .. Spatial omics
Clinical Data X
™ Wearables Big Data Data Analysis
sam Ie_s.__.)
g Traditional Statistics
Imaging 2 Machine Learning
< Dimension Reduction

LA

Clinical and Biological
Insights to Heart Failure



npj Digital Medicine volume 3, Article number: 142 (2020)
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https://www.nature.com/npjdigitalmed

Al

High blood pressure

u.,';\ju,h;r'ﬂ,,_;mf/‘ﬂm,?u
Input (Factors) Model (BP modelling) Output (BP monitoring)
Llfesgl.e | ‘ BP | |
- ACHIVity e — 4 BP time-series data
- Meal
- BMI ® Blood pressure | | .7v/\/\v Average
- and others. | modeling
Environment = »> Date
- Stress f (x ) - Average value of BP
- Temperature " = BPlevels
Genome | Standard deviation of BP , and others
- = BP variability
BP analysis using Al Novel Al-based
‘ BP measurement
|

Scope of Al application for BP

Future possibilities for artificial intelligence in the practical management of hypertension
Hypertension Research volume 43, pages1327-1337 (2020)
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Sinus infections
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Sensor signals
Exhaled breath

o O
2. o K
1 X

Gas

sensor
array

Patient with COVID-19

GeNose C19

Machine learning

npj Digital Medicine volume 5, Article number: 115 (2022)


https://www.nature.com/npjdigitalmed

Allergies

Many gaps remain Diagnosis and
to be addressed Phenotyping
for adoption of Al Asthma, Atopic
0O dermatitis
Research and o)+ Predicting Health
Clinical Trials * Trajectories
Decentralized trials, Atopic disease
Digital twins development, Outgrowth
O of disease
@bl
Remote Applications of Al
Monitoring to Allergy m .
Wearables, o Assessment o
Smart inhalers Immunolog) L[] Tolerance

Antibiotic or Food
allergen tolerance

Population and
Environmental Health

Safety monitoring, Drug Discovery and

Exposure and \l/)aCCinology
allergen tracking Practice ~ Drug target
identification, Immune
P response trackin
Operations P g

Laborious tasks
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Endocrinology

Feature extraction

d ® E el

Intensity Shape  Texture Wavelet

Deep Machine
learning learning

{ J

Radiomics and conventional
Segmentation machine learning

i
Feature Radiomics
— —p . — i
selection signature

Deep learning

Image &
acquisition

Hidden layers

Machine intelligence in non-invasive endocrine cancer diagnostics
Nature Reviews Endocrinology volume 18, pages81-95 (2022) 14
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Neurology

Data source Inputs
Exhale
¥ ¥\
— °
A
NI
Inhale
Breathing belt or Wireless signal — (Full-night) nocturnal breathing
|
Al-based model Outputs

6\ \ has PD or not?

PD severity prediction
— 85 (Estimate of patient's
Custom neural network MDS-UPDRS)

Nature Medicine volume 28, pages2207-2215 (2022 =

»
2
> [ @
A Disease detection:

.



https://www.nature.com/nm

Alerting systems

' AKJ(67.1421) CKD=2232
Evaluating prognosisjik . .
g ‘>

< i Lol
- ul/_idtmg’ﬂf-«bud’/ﬂ/ W&

CKD-MBD*#1  [gANI2]

Nephrology @ e-e

DKD®+%1 CKD after AKI**%

oL

- -

Pathological diagnosis %

ICD-11

Make appropriate ICD Codes **!

T b—

Assistance of needle insertion!””"

Target identification il @ Drug development and testing
e
marker é@
€ Anemial® i Wearable dialysis devices™ 7
“_»DN W nemia earable dialysis devices!
Ea ~ = %Q = Blood pressure and fluid volume management!”"!
ECM Guiding treatment
Soluble ®
molecules
Novel specific end points °® ° Assessment of drug kinetics for
for clinical trials optimized dosing and delivery
Precision medicine Optimized patient outcomes
. Primary Therapy Disease
: w diagnostics monitoring relapse
Companion diagnostic approach Patient outcome prediction, and monitoring 16
to improve patient stratification of treatment responses and disease

and therapy management progression for improved patient care



Hematology

Raw aspirate digital WSIs

<«—uoneznifig—

2000

1800

1600

Count

Patients

70K+ pixels, 80 rows

Acquire digital WSI tiles by gridding

Integrated Histogram of Cell types (IHCT)

Cell Types

ROI detection model

Fine-tuned on labelled tiles

(ROI/Non-ROI)

DenseNet 121

Transfer learning
(Pre-trained
DenseNet 121)

Pre-trained ‘-l Softmax
FC

Binary
classifier

Histogram of Cell
Type (HCT)

Detected and classified cellular
and non-cellular objects

512 pixels

512 pixels

Communications Medicine volume 2, Article number: 45 (2022)

Non-ROl tiles

ROl tiles

512 pixels 512 pixels

! B

YOLOVA4 training with 19 cellular
and non-celular objects

Backbone

Neck

Dense Prediction

. A
ul{tdtmu’w;«u:‘}/{ﬂ":wl:
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_ %, &
Hepatocellular carci (-80%) 0. ¥ Tabular
Diagnosis % data
* MRl or CT
« Histopathology
Features Tumour Random
o Late diagnosis cell forests
* Heterogeneity
| & y Bile duct
/ X . ic cholangi : (~15%) - — - .
- Diagnosis Biochemical Proteomics
Combined tumours (~5%) o MRl or CT data data
Diagnosis - Hepatic » Histopathology ,
* MRIor CT 2} progenitor - Features ) . N
 Histopathology cell o Late diagnosis ’ \
o Immunohistochemistry r * Recurrence >60% ) .
Features . ’ \
o Late and difficult diagnosis Cholangiocyte ! !

Microbiome
data

Al
* Subtyping o Risk stratification ‘%
» Diagnosis e Survival prediction

1
» Biomarkers ¢ Optimal treatment | ﬁ /:
\ !
AY 7
| \ ,
- \\ ’
ASH
ALD MASH
Healthy MASLD Viral hepatitis Fibrosis Cirrhosis
- Scar tissue . . .
formation Radiological Mobile phone and
Inflammation data wearables data
' <«—— | Curative therapies : )
Remission Integration of multimodal data
Risk factors Rela
e Alcohol B elapse
* Genetics : 1 Palliative 18
e Viral infection \

el Systemic

* Metabolic syndrome or obesity therapy




Hospital Medicine

-

Diaagnos

* Clinical and multi-omics data:
NIPT, early cancer detection, infectious
disease detection

* EHR data and expert knowledge:
Al-based diagnosis and evaluation of
common diseases

* Image data and deep learning:
Expert-level diagnosis of medical images
and screening of diseases

»

Population health management

\

* Patient-centered information systems for
healthy lifestyle promotion, early disease
detection, public education

s

Therapeutics

* EHR data and clinical guidelines:
Al-based treatment of common diseases

* Human-Al interaction in robotic surgery

» Pharmacogenomics for guiding drug therapy

» Data-driven precision medicine to deliver
therapies guided by clinical and digital
phenotypes

~

| Administration and regulation

« Big data in hospital management,
insurance, epidemiology, drug interactions
and complications, quality-based outcome
assessments, disease monitoring

Y
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O n C O I O gy Tumor di‘agnosis oo Feciind o

Microscope-based ' Image-based
research ' research

Tumor screening and
early detection

Gﬁf’. ==

Tumor staging and

Tumor prognosis

- ‘%‘M:“ i

grading .
# ¥
1 |}
oy New I _ i
- '

Ry — therapeutic Drug design il

e

&

Tumor therapy
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Neonatology

Camera/ Decibel & Lumen Meter
Sleep/Awake
" ) soundlevels =) Temperature
@ | Light levels “@ monitoring
Cerebral and renal near ‘ﬁ. ’ ” dﬁ @
infrared spectroscopy @ Facial Recognition Vital sign monitoring

W™J

@ EEG pattern display monitor
Sleep patterns

‘)) Ambient sound patterns :
_v_ Ambient light patterns .

Journal of Perinatology volume 42, pages1561-1575 (2022) 21
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Pediatrics

The potential for Al in Medicine

VIEWS OF CHLDREN AND YOUNO
PECPLE WITH LIVED EXPERIENCES OF
HEALTHCARE

@

Fincings from a ane-hosr design
workshop attended by 21
mambers of the Young Persons
Adviscry Group mt Grest Ormend
Street Hosgital for Children

b What do Children and Young People want 10 know more about?

“Will Al make the

. ducison or be the
“What safety & Sdvisor to the
MeESUNeS are in . doctor?
place?”

“What happens If the robot s

“Is a chatbot
makes a mistake?” actually more
berwficial to
patients?"”
“What will stop
people abusing
the system?”

“How do you teach Al to be empathetic
and understand pain?”

WA docions seed b2 be less qualtied ¥
T s of A i narmeakeaa?

“How wil bac
news be Brokan to
potionts ™

c

How comfortable do Children and Young Pecple feel about potential Al-driven
scenarics?

Virtual reality visits |
Cleaning robots I
Talking robots i
Robot surgery l
Chatbot diagnoses
S driving vehicles ;
Al powered nurses ;
3D printed nearts &
Sensor tochnology 1o m(hcr ov?ruwdng

s

[:E).l."

Not Coméortable

" |'||u — |
X

™ ¢

d

How can healthcare stafl communicate effectively about the potential for AI?

“Examples in everyday life” OO
“Show positive benefits” OO @ @

“Se1 up workshops 10 bond trust”™

“Address common worries”
“Helping humanity (with Al)"

“Be

parent when It Is alread!
being used™

y

|é

U"‘d’“’ ‘fM\—ILAIJ (/‘:%:

b
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Pulmonology

ﬁ Normalized CT

R A
ul{tdtmu’w;«u:‘}zﬂ’:%:

- Enhanced parenchyma
Visible and
invisible lesions

2

Anterior view

J [ Deep-lung-parenchyma-enhanced]

Feature map + radiomic candidates

— 3D feature segmentation and
Lung fissue dataset [ quantification networks

3,644 CT scans
928,586 CT slices

366,334 CT Slices

(3D lung tissue segmentation networks | [ Parenchyma estimation |

==~ Airways Blood vessels Lungs

[ 4 ) 4

Remove blood vessels Sample healthy
and airways parenchyma

[Analysis of COVID-19 long-term sequalae and risk factors]

Radiomics of follow-up CT:
DLPE method. COVID-19 long-term sequalae:
Self-report symptoms, lung function
Inpatient clinical metadata: impairments, CT lesions.
Lab test, basic information.
Sequalae prediction—ablation study:
XGBoost, feature ranking, Lasso,

multivariate analysis.

Follow-up data:
SGRQ, lung functions,
blood gas test.

1,193 inpatients + 219 survivor scans

Top view

[Using COVID-19 inpatient data to predict oxygenation index]

Factors associated with
oxygenation index:

Radiomics of inpatient CT: Radiomics, LDH, CPR, etc.

DLPE method, traditional CAD.

" L . Predict oxygenation
Il'jpgt"e": T)I'"'?a! r?etad?ta. index—ablation study:
ADIESt, DASIC Itormaiion. XGBoost, feature ranking, 2 3

Lasso, multivariate analysis
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Al to analyze MRI in rheumatology

P

.2 - .

] v g 5 ¥ >

1 e 8 =~ :

g ille . :

2 - ’

g Rheumatold Artheitis Spondyloarthritis Ostecartheitis Myopathy Systemic Sclerosis
. . ¢ . ‘.

o * Disgnosis & * Detection and * Diagnosis and * Al assesses * Al detects

§ evaluation: Sublyping, classification. subtyping inflammation in vasculopathy &

2 and disease activity nflammatory « Detection of cartilage myopathies fibrasis in Systemic

g * Predictive modeding sacroilinis, hip degenaration, bone o Deeap learning Scleroais (SSc).

%’ Al predicts RA lesians, and abnormalities, and differentiates * More explaration

g progression, sacrolliac joim predicting disease myopathies via needed for Al in SSc.

'3;: regtment response, edema. progressan. MRI.

and complications.

MR-based synthetic
CT (sCT) 10 detect
structural leslons

Acceleration of MRI Al to generate sCT

Enhanced Al algerithms, e.g., reinforcement leaming
Standardization & interoperability; validation studies
Multi-modal data Integration

Personalzed treatment recommendations

Ethical consikderations & bias mitigation

Education & training

MR protocols

Future directions

24
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Bone density screenings

Attention Map
(GradCAM)

..................

‘.

: KL-grade
Deep Convolutional Neural Network e

Gradient Boosting
Machine

00000

nY
S

[

0000000000000 0 9

P e e L L LT

] . ) Age, Sex, BMI O
‘ Baseline Characteristics i ) O
O

Surgery, WOMAC, Inju 6
‘ Clinical examination } o sl O
@

Ve - " - 9

Radiographic assessment [) ] KL-grade
[ by a radiologist (optional) s J @
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Echocardiograms

A
Deep learning Modal
ot 1 ™ *w -
o ,
. N -yl
' ‘{
ol A A BN
A No. ¢
. e
- 8¢
~

Standard section
recognition

+ Endocardial
boundary refinement

+ Segment the
ventricle from the
short-axis view

+ Add the MCC values

« Detect both
endocardium

and epicardium
« Priori information

L

Automatic segmentation
of cardiac cavity

Valve automatic analysis
-9©
-9 €
- {’ ©

Cardiomyopathy diagnosis

Auto-generated volume Myocardial strain analysis

Functional left Cardiac disease
ventricle assessment diagnosis
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Gastroenterology

Liver Diseases =Section 10
- Detection by ultrasonography, CT, MRI
HCC, hemangioma, metastasis,
cyst, FNH
- Risk analysis and outcome prediction
NAFLD, viral hepatitis, PSC,
liver transplantation

Pharyngeal Cancer =Section 3
- Detection by endoscopy with white-light
image and NBI

Upper Gl Diseases = Section 4
- Detection by endoscopy
Esophageal cancer
Gastric cancer
H. pylori atrophic gastritis

Pancreas Diseases =Section 11 /
Quality control

- Detection by CT and/or EUS

Pancreatic cancer SRl
- Diagnosis by EUS CpRerClibceond
IPMN, AIP GIST =Section 5
- Risk analysis - Diagnosis by EUS
Pancreatic cancer .
Duodenal and Small Intestinal
Colon Cancer and Polyp =Section 7 Lesions —Section 6

- Detection/diagnosis by endoscopy
Colon cancer and adenoma

- Detection by VCE
Colon polyp

- Detection by endoscopy or VCE
Adenoma, bleeding, blood content,
vascular lesion, erosion, ulcer, etc.

IBD =Section 8
- Detection by endoscopy
- Severity scoring by endoscopy
- Prognosis prediction by data analysis

IBS =Section 9
- Data analysis
Trigger foods, gut microbiota

27



Infectiou
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Al ATGTTGACAGTCGCGCGTAC
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Ub Ph
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s disease

S

Population
genomics

Cellomics

Epigenomics

Genomics

Transcriptomics

* Genetic linkage (GWAS)

+ Evolutionary selection (linkage)
* Microbiome, mycobiome, virome:
* Quasispecies plasticity

* Genome and exome sequencing
* Pleiotropy

« Tissue composition (flow and mass cytometry)
+ Cell trafficking (high-content imaging)

* Macromolecule tracking

* Intracellular localization

= Infection dynamics

* Chromatin structure (Hi-C)

+ Chromatin accessibility (ATAC-seq)
+ Chromatin modification (ChIP-seq)
= DNA modification (methyl-seq)

* RNA modification (m“A-seq)

* Epistasis

* Genetic interaction mapping (E-MAP)
* Loss of function (RNAi, CRISPRi)

+ Gain of function (CRISPRa)

* Transcript abundance (RNA-seq)

* RNA post-transcriptional regulation
+ Non-coding RNA profiling

* MicroRNA profiling

* Transcriptional programmes

* Predictive host response

+ Biomarkers and diagnostics

* Protein abundance (MS)

* Post-translational modification profiling
* Protein-protein interactions (AP-MS)

* Protein structure and dynamics (XL-MS)
* Biomarkers and diagnostics

* Metabolite profiling

= Lipid profiling

* Drug screening

+ Biomarkers and diagnostics

vr,_;d'un&l u,;u,jﬁ;(p,%,
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Sports Medicine

« Predicting the risk of injury durng the training phase:
 Skazalski et al. 2018 - Prediction of physical injury
¢ Chen et al. 2018 - Heat-stroke detection
. . * Lewis 2018 - Fatigue and injury risk in basketball
LV STALEAENAIIN  « Karnuta et al. 2020 - injury prediction base on age, performance and injury history

¢ |dentifying patterns in athletic performance:
* Novatchkov et al. 2013- monitor force, displacement and velocity during resistance training
* Ghasemzadeh et al. 2009 - analysis of hand-wrist movements in golf
CESIOIUENTEN . Claudino et al. 2019 - risk assessment
Optimisation

* Optimising matchway performance:
® Lui 2020 - Al in basketball games
e Li and Zu 2021 - Al in basketball
Matchday » Ghazemzadeh et al. 2011 - Analysis of baseball swings

Optimisation

* Monitoring for major aberration indicating injury/disease:
¢ Panindre et al. 2020 - monitoring for Atrial Fibrillation
e Jahfari et al. 2022 - assessment of cardiovascular outcomes
* Galloway et al. 2018 - monitoring for hyperkalaemia

Post-lnjury * Choi et al. 2017 - detection of heart failure onset

¢ Coutts et al. 2020 - general and mental health

Diagnosis )
® Karlsson et al. 2012 - assessment of cardiac rhythm

¢ Improving patient experience:
* Bloomfield et al. 2019 - analysis of data post-total knee arthoplasty
¢ Nwachukwu et al. 2020 - impact of mood disorders and preoperative outcome scores on perioperative rehabilitation

Rehabilitation

- /oo

29




Intensive care Medicine

Activity:

Conventional ICU

Information

Physiological
signals

Electronic Health
Records

J

Questionnaires

a)

Light Intensity Level Recorder

Sound Pressure Level Recorder

Physiological Signals

Pervasive ICU
Sensing

Vision

Wearable
Sensors

-
Light Sensor

Noise Meter

Pervasive Patient Information

raA™l r il r al | g al
e SRS S §
Face Face  paggay  Facial
Detection R€COQNItION  perection  Expression
Recognition
r A
& £
Head Pose  Posture Actigraphy
Detection Recognition  Analysis

Pervasive Environment Information

® @ O

Noise Light Visitation
Level Level Frequency
Detection Detection Detection

b)

Data preparation

Machine learning

Evaluation

Data pre-processing

Artifact removal Variable merging
mmHg
e Lisinopril
— || — Enalapril
— || — Captopril ACE inhibitors
—
Pharma processing Time Heart rate Heart rate
Glucose 20% Glucose
;§ - Glucose 40% Temperature
- Patient & variable & _ mm “. T central
Different data tables selection T rectal
@ e B T axilary
54,000 ~64,000 ~2d of data i i
CU o measurements per admission Variable-specific processing )
ICU admissions per admission ~230 yr in total Reduction from 710 to 209 variables
b Adaptive imputation c State annotation
Time Drugs' MAP .. Lactate Failure
Variable Time  Drugs' MAP HR - Lactate Circulatory
— i 09:12:22 12 No
A =median + 2 x IGR R ey ° B ® 26 16:13:02 67 No
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o
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f Supervised learning
Features 5,278 in total Labels Model training Classification
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time points —%b = -
— Nl
Validation
Test A >IRo> ho
~800,000 -
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Important features ‘Full’ model: 500 important features Gradient-boosted decision trees
&  Evaluation of circEWS
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Alarm ¥
threshold F Captured events
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G e ri a t r i C S oo Greiini iy

Predict vital signs

Classify physical activities

Machine learning

(2 & & o]
— '

model 1

Edge node.s” Local b i (% o&k ﬁ Y
&it s

Local f"-:(~ -ﬂ ?H

. r A S model 3|
¢ &
b T— '“ o Jd %1 Federated learning

Patient monitoring with loT devices » -
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Monitoring

. Headbands L‘—/r— Gl@
~ Necklaces
Cb'Earnngs

' Skin patches

% Belts
' Body sensors
) Socks

Clothing fabric -

Shoes %

Shoe insoles

=
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Stress test

. Wearable Continuous stress
sensors marker monitoring

@ with wearables
I3
() | e Personalized
D archive

i
k?( 1

Interactive stressor

Daily activities evaluation
embedded with stressors Smart personal
assistant
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Challenges and Ethical Considerations

data privacy, potential biases in datasets

Radiology
(X-rays, MRIs)

Early detection

Cardiology Neuroimaging Risk Assessment Predictive analytics

Disease

prediction and
prevention

Diagnostic
imaging

WHAT CAN Monitoring
Treatment Al/ML DO IN through
Personalization wearable

HEALTHCARE?

devices

Pandemic
prediction
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Al

Note that!!

« AI may not replace human doctors.

e Since doctors are trained to not only diagnose and

treat diseases but also to provide emotional support
to patients.

* Al cannot replace the empathy and compassion that
doctors bring to their work.
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Prevention

Early
Detection

Recurrence
Prediction

Treatment
Selection and
Analysis

Critical
Decision
Making

Mortality and
Morbidity
Prediction

Post Hospital at Home
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