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Key Issue:
Early Detection of Disease
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Al in Hematology

ML-aided diagnosis on DL-ai_ded 96" type. :
the basis of images or classification for diagnosis
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An artificial intelligence decision
support system for the management of
type 1 diabetes

Data aggregation

e Yy
Al L.«;«my/‘»m%
A ! A

) b k-nearest neighbours optimal insulin recommendation
Continuous glucose ; N _ .
monitor data {D}= (”Fuser - Flook-up”2 =1 {n} = argmin Zdwd

o0 Fuser D'cD,D'| =K
Flook- k -
180 s Rc =argmin |:ZI.= 1 declc("i_ c)]
70 °
(ﬁ: Nocturnal hypo... / J x \ RTI

® User features 0.0 Example features Boundary containing

EPURERNES f2: Abnormal morning N example of glycaemic features .,._... nearest-neigbhors
- h Ly
e [ f1 f2 13  fIN ) I Distance based Class-balance
:> f3: Total hypo events | Wy . weighting ‘ o . .welghtmg

Bluetooth insulin

Meal entry and ’
fe2 {23
carbohydrate f4: AM postprandial f21 . . sz

estimation =) hypo events

P ) : : : : @ O .
@Q} _ M1 M2 M3 fMN :, o

Gl J
= fM: Correction boluses L Ropt 1 ..o Ropt N J
O administered o . - - —

Exercise and ”:"%;?,’ K Recommended insulin titration paired Example with smaller distances Classes with high sample
activity data [ to each glycaemic feature vector from user are up-weighted representation are down-weighted

N\

Specific insulin titration using ALPHA Quality control algorithm Time-in-range > 70%
time in hypoglycaemia < 2%
) time in extreme hypo 0%
ALPHA algorithm

KNN recommendation
AM-PM ins:carb
ratio adjiustment

1 AQQresSIVENESs e Recommended adjustments T Aggressiveness

Ineffective ins:carb
titrate dosage up

% estimated A1C < 6.4%
nocturnal hypoglycaemia
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> == g=p! toexisting bolus and Ll == = = .
not using the bolus calculator : basal dosage settings : Dosing < recommended
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ALPHA-adjustment disagrees

Postprandial hypoglycaemia
% hypoglycaemia > 8%

PM response\ AM bolus
ALPHA-factor
titration

AM response

PM bolus
ALPHA-factor
titration

Ins:carb adjustments

| Aggressiveness  se—

Postprandial hypoglycaemia
ALPHA-adjustment disagrees

1 1 1 / [ Dosing > recommended ]_

| Aggressiveness
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T Aggressiveness
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Aggressive ins:carb not using the bolus calculator
titrate dosage down

Dosing > or < recommended
not using the bolus calculator

Correction factor adjustments
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Al-based pathology predicts origins_"'
for cancers of unknown primary
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Nature volume 594, pages106—-110 (2021)
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Machine learning based early warning system....”..
enables accurate mortality risk prediction
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Nature Communications volume 11, Article number: 5033 (2020)
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Al and Early Detection in

Cardiology

Al-aided
CVD

diagnosis

Omics Data
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Clinical Data
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Data Analysis

Traditional Statistics
Machine Learning
Dimension Reduction
Functional Characterization
Prediction
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Clinical and Biological
Insights to Heart Failure
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OCT-NIRS: lipid pool necrotic core

12



Al and Infectious diseases ~

Laboratory imaging and factor-
analysis based diagnosis
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Antimicrobial resistance prediction
and antibiotic discovery
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Al and Liver diseases
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Al in Respiratory diseases ~
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Nature Machine Intelligence volume 4, pages494—-503 (2022)
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Al in Bone and joint diseases~
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Al and Early Detection in
Nephrology

A Kl (CIN postoperative AKLpost-burn AKlLetc.)
. early diagnosis of AKI
. timely treatment of AKI

T

Al

CKD (12AN,DKD.ADPKD, etc.)
/ . identify CKD and predict progression

Nephropathology

. analysis of images \

Kidney Transplantation Dialysis

. HD (anemia, fluid and blood pressure, CKD-MBD, AVE, etc.)
. PD (forecast risk, peritonitis,etc.)

.wearable dialysis devices

. prediction of graft rejection
.optimizing immunosuppressive therapy
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Difficulty of Use/Collection

Al In Neurological diseases

Data Modality
Clinical ly Collected

Data
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Deep learning in rheumatological
image interpretation
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Nature Reviews Rheumatology volume 20, pages182-195 (2024)
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Al in Continuous Monitoring anc
Proactive Intervention
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