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Tailoring medication from youth to the elderly
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Roberts et al, CID 2014 De Lima Moreira et al, Vervalcke et al, Tang Girdwood

Abdulla et al, TDM 2023 Clin PK 2023 et al, Frontiers

Critial Care 2020 in Pharmacology
2022
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One-size-fits-all
dosing

Stratified dosing Precision dosing

. Optimization

Changes to patients:

medication history,
Stratification Personalization biomarkers, etc.
>

Patients grouped Individual patients:

by: demographics, clinical features,

disease subtypes, medication history,

clinical features, environment,

biomarkers, etc. behaviors & habits,

preferences,
A biomarkers, etc.
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Model-informed Precison Dosing
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Therapeutic Drug Monitoring

- Pharmacokinetic variability

Side effects and therapeutic effects
‘ ~~~~~ . .
- Small therapeutic index
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During the lifespan
Pregnant Patients

Neonates (and antibiotics)

Children (and antipsychotics)

Intensive Care Patients

Older patients with PJI

Older patients with hypertension and (non)adherence -> polypharmacy

ErasmusMC



Louise* | |
. |
‘ & ~

-

Erasmus MC
- -"_'ﬁ - R r'._ .

* Fictional name -



THALIDOMIDE CHANGED THE WORLD

1950’s — 1960’s: 1971: FDA warnlng‘
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== iNntra-uterine

... benefits of lactiifion after
intra-uterine exposure?

MATERNAL DRUG USE WITH EFFE

== ON Neonatal start
" . &\



Degree of sensitivity

1 2 3 4 5 6 7 8 9 10 11 16 20-36 38
Common site of action of teratogen

Greatest sensitivity to
teratogens

- Less sensitivity to teratogens,
although still patentially significant
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== INtra-uterine benefits

... benefits of lactiifion after
intra-uterine exposure?

MATERNAL DRUG USE WITH EFFE

== ON Neonatal start
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== iNtra-uterine benefits

ANTENATAL CORTICOSTEROIDS FOR
FETAL LUNG MATURATION

relative risk + 95 % CI

perinatal death 0.72, 0.58-0.89
neonatal death 0.69, 0.56-0.77
respiratory distress syndrome 0.59, 0.38-0.91
intraventricular haemorrhage 0.55, 0.40-0.76
necrotising enterocolitis 0.50, 0.32-0.78
mechanical ventilation needed 0.68, 0.56-0.84
systemic infections in early life 0.60, 0.41-0.88
hemodynamics, circulatory stability any inotropics 67 to 47 %

inotropic score

Roberts et al. Cochrane 2017; Moise et al. Pediatrics 1995



== iNtra-uterine benefits?

HARM ANTENATAL CORTICOSTEROIDS?
e ——

Research

JAMA | Original Investigation
Associations Between Maternal Antenatal Corticosteroid Treatment
and Mental and Behavioral Disorders in Children

katn Bakkonan, PhD: Mika Gesler, DeiPhil: Eero Kajantie, MO, DMSC

Conclusion:
exposure to maternal antenatal corticosteroid treatment was significantly
associated with mental and behavioral disorders in children
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Dosing of Corticosteroids

All patients receive the same dose, but do not have the same effect
Influence of inflammation

Pre-eclampsia
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== iNntra-uterine harm?

SILDENAFIL FOR PREECLAMPSIA

C
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Hitzerd et al EBioMed 2019



= iNntra-uterine harm?

MATERNAL TACROLIMUS USE

In vivo placenta passage and tissue concentrations

Patient Maternal G, level Placental tissue Venous umbilical cord
before delivery (ng/mL) concentration (ng/g) blood concentration
as mean = SEM (ng/mL)
#1 4.2 55 = 3 -
Wi 7.6 68 = 19 -
#3 39 82 = 6 -
i 6.6 75 2 =
#5 2.9 62 + 2 6.2
#e 4.0 32_-: 1 4.8
Ex vivo placenta perfusion experiments Ex vivo placenta perfusion experiments
Tissue concentration Placenta transfer

Perfusion Maternal perfusate Placental tissue Placental tissue-to- - 7 - Maternal crculation

concentration at concentration (ng/g)  maternal perfusate T=-' Ll & Fetal dirculation

t= 180min (ng/mL) as mean * SEM concentration ratio - "3 5
#1 1.8 54 + 8 31 § 41
#2 2.1 138 = 85 65 E 34
#3 2.8 287 = 103 102 = 5 24
#d 0.9 236 = 76 253 §
Mean 1.9 179 113 [
SEM 0.4 52 49 f] E—— » » = —

0 30 &0 20 120 150 180
Freriksen et al Eur J Pharm Sci 2018 _



MATERNAL DRUG USE WITH EFFE

= intra-uterine

== ON Neonate
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... benefits of lactiifion after
intra-uterine exposure



== ON Neonatal start

ITS UP TO THE NEONATE...

Fentanyl Morphine
A i
3- =5
- Gestational Age Weeks] 100 4
< 32
= _
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5 «[ :
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- - e 1
0 20 40 60 80 1000 0 000
Postnatal Age [days] Bodyweight {g)

Swantje Vbller et al. Arch Dis Child Fetal Neonatal Ed, 2019 Elke Krekels et al. Clin PK, 2011



MATERNAL DRUG USE WITH Em \

= intra-uterine

== ON Neonatal start
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== ON Neonate via
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... benefits of lactiffion after
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==« ON Neonate via lactation

MAMMARY EPITHELIUM

Luminal epithelial cells

Tight junctions

Transporters

Basal membrane

Lumen (milk)

Contract to
secrete

Basal

Blood vessels

Nauwelaerts et al. 2021 Biomedicine & Pharmacotherapy




==« ON Neonate via lactation

DRUG FACTORS IN FAVOR OF PASSAGE
TO BREASTMILK

Lipid solubile (high logP value)
Low molecular weight
Not ionized (pKa value dependent)

Unbound to plasma protein

Long maternal elimination half life



CONCENTRATION PROFILES IN
PLASMA AND MILK

cefprozil ofloxacin
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== ON Neonate via lactation

IMPACT ON NEONATE:
EXPOSURE CALCULATION

(AU)Chiik

Milk to plasma ratio (M: P) =
(AU)Cplasma

Absolute Infant Dose (AID) = Cpyiik * Vinilk

Dosage infant (AID);
Relative Infant Dose (RID) = 5 (AID)in ug/kg/day

Dosage motherjy, yg/kg/day

ErasmusMC



= intra-uterine

-« ON Milk pro

... benefits of lactation after
intra-uterine exposure

MATERNAL DRUG USE WITH EFFE
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== benefits of lactation after intra-uterine exposure

MATERNAL ANTI-EPILEPTIC DRUG USE

At six years, children of mothers on AEDs had a higher (11.5% instead of 4.8%) risk

of impaired fine motor skills compared with controls and a lower and dose dependent
1Q (from —6 to —9 1Q point) following fetal valproate exposure when compared to other

B>
AEDs.
Subsequent breastfeeding in infants of women using AEDs was associated with @)
improved neurodevelopment outcome compared with those with either no

breastfeeding or breastfeeding for less than six months. MONEAD

Overall, the adjusted 1Q was higher by 4 points for children who were breastfed
compared to those who were not. The difference in IQ was most pronounced in the
valproate group (+12, range, 1-24 1Q).

Also beneficial for other drugs? Reduce abstinence symptoms

Meador et al, JAMA Pediatr 2014
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Maturational covariates
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Kearns et al. NEJM 2003



No adequate reflection of kidney function
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Suggestions for individualized
medicine in neonatology

Renal injury in neonates: use of “omics” for developing
precision medicine in neonatology

Mandar S. Joshi’, Kelsey A. Montgomery', Peter J. Giannone', John A. Bauer' and Mina H. Hanna'

Ped Research 2017

Precision Medicine in Neonates:

Individualized Hemodynamic Future Perspectives for the Lung

1 Wes Onland ™, Jeroen Hutten ', Martijn Miedema’, Lieuwe D. Bos?, Paul Brinkman?,
Management In NEWbornS Anke H. Maitland-van der Zee® and Anton H. van Kaam'
Willem P. de Boode* Frontiers in Pediatrice  OQclober 2020 | Volume 8 | Article 586061

Frontiers in Pediatrics  October 2020 | Volume 8
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Dutch pediatric formulary
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MIPD of aminoglycosides in children

Results: Target attainment (0.5 mg/L) evaluation

vy

4. 5 mg/kg
PNA, BW
Intervals (24h-72h)
X s
'E [ |New dosing regimen
S L_| Previous dosing 5 mg/kg/48h or
L sl o regimen 4 mg/kg/24h

PNA

04 —

0.5mgh 06-1.0mgA >1.0 mgA

Gentamicin levels

86% of trough concentrations were
in the target range (0.5 mg/L)

ErasmusMC

| Antimicrob Chamather 2015; 70; 2074- 2077
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Pain - pharmacokinetics
maturatlon of fentanyl clearance

Gestational age

g 12 A 31 weeks
E .
1
> 1 - 28 weeks
(&)
C
g 0.8 - 25 weeks
()
S 0.6 -
é\
S 0.4 -
c
()]
0.2 -

O L} L ] 1

0 10 20 30 40

postnatal age (days)

Voller, Flint et al. Arch Dis Child Fetal, 2019

ErasmusMC



Pain - pharmacokinetics
continuous fentanyl infusion

1,0 mcg/kg/hour
A

’_T [ |

Grey area reflects LARGE 9

between-subject variability of g

clearance (4-fold!) c
o

50% dose at PNA <5 days E 5 10

75% dose at PNA 6-9 days - Postnatal age in days

100% at PNA > 10 days § 0,5 0,75 1,0 mcg/kg/hour
o
>2.0-
5 1.5+
10 T —
2 0.5+
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Voller, Flint et al. Arch Dis Child Fetal, 2019



Pain - pharmacokinetics
bolus dose fentanyl 2 mcg/kg

postnatal age day 1 day 20

Grey area reflects LARGE
between-patient variability of
clearance (4-fold!)

Fentanyl concentration (mcg/L)
i
= B S
I
[

0 5 10 15 20 25 0 5 10 15 20 25
Time (hours)
T1/2 ~ 24 hours T1/2 ~ 4 hours
EEEEENE EEEEEEEEEEEEEEEEEEENEEEEEEEEEEEEEEEEEEEENEEEEEENEEEENEEEEEEEERN Efaﬁml,[SMC

Voller, Flint et al. Arch Dis Child Fetal, 2019



One bodyweight-based dose does
NOT fit all

One dose does _\io&

NOT 5t a
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Implemented morphine individualization

Y - Predicted exposure

*"*A’\-\u (Side-) effects

Vinks et al. 2020 CPT

SUGGESTED OPTIMIZATION:

2 gapomagm . Effectiveness Co-medication
il i Genomics
[ Dosages Algorhitm-alerts for:
L = L s _ - (Side-)effect data collection
Achieved exposure
' « Dose-adjustments

Register evaluation

Organ function
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Antipsychotics in Dutch Youth: Prevalence, Dosages, and Duration of Use from 2005 to 2015. /ém{"“'p

Kloosterboer SM. el al. J Child Adolesc Psvychopharmacol. 2018 Apr:28(3):173-179







Feasibility of Dried Blood Spots in Children with Behavioral Problems.
. Kloosterboer SM, et al. Ther Drug Monit. 2020; 42(4):648-651.


https://pubmed.ncbi.nlm.nih.gov/32453305/

Measures

DBS/Venapunction: 2 x 2 moments (Risperidon/Aripiprazol en Pipamperon)

Efficacy:
Questionnaires (CBCL, ABC and CGl)

Side effects
Questionnaires (AIMS)
Lab values
Weight

Pharmacogenetics
Medication adherence (MARS and MEMS)

ErasmusMC

Assessing methods of measuring medication adherence in chronically ill children-a narrative
review. Al-Hassany L, et al. Patient Prefer Adherence. 2019 Jul 22;13:1175-1189



https://pubmed.ncbi.nlm.nih.gov/31413546/
https://pubmed.ncbi.nlm.nih.gov/31413546/
https://pubmed.ncbi.nlm.nih.gov/31413546/
https://pubmed.ncbi.nlm.nih.gov/31413546/

Analysis

LC-MS/MS
PK modeling via NONMEM
PD relate to PK via mixed modeling

Dried Blood Spot Analysis for Therapeutic Drug Monitoring of Antipsychotics: Drawbacks of Its Clinical
Application. Kloosterboer SM, et al. Ther Drug Monit. 2018 Jun;40(3):344-350

Dried Blood Spots Combined With Ultra-High-Performance Liquid Chromatography-Mass Spectrometry for the
Quantification of the Antipsychotics Risperidone, Aripiprazole, Pipamperone, and Their Major Metabolites. Tron
C, et al. Ther Drug Monit. 2017 Aug;39(4):429-440

Erasmus MC


https://pubmed.ncbi.nlm.nih.gov/29505492/
https://pubmed.ncbi.nlm.nih.gov/29505492/
https://pubmed.ncbi.nlm.nih.gov/28700523/
https://pubmed.ncbi.nlm.nih.gov/28700523/
https://pubmed.ncbi.nlm.nih.gov/28700523/
https://pubmed.ncbi.nlm.nih.gov/28700523/
https://pubmed.ncbi.nlm.nih.gov/28700523/
https://pubmed.ncbi.nlm.nih.gov/28700523/
https://pubmed.ncbi.nlm.nih.gov/28700523/
https://pubmed.ncbi.nlm.nih.gov/28700523/
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Pethidine
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Pipamperone Population Pharmacokinetics Related to Effectiveness and Side Effects in Children and &
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ErasmusMC
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L

Adolescents. Kloosterboer SM, et al. Clin Pharmacokinet. 2020 Nov;59(11):1393-1405


https://pubmed.ncbi.nlm.nih.gov/32394297/
https://pubmed.ncbi.nlm.nih.gov/32394297/

PK analysis

Risperidone

Aripiprazole
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/ Behavioural problems

BMI z-score

Risperidon concentration

Risperidone plasma concentrations are associated with side effects and effectiveness in children and adolescents with
autism spectrum disorder. Kloosterboer SM, et al.Br J Clin Pharmacol. 2021 Mar;87(3):1069-1081



https://pubmed.ncbi.nlm.nih.gov/32643213/
https://pubmed.ncbi.nlm.nih.gov/32643213/

Follow-up research

SPACE 2 STAR
TDM versus standaard dosing of risperidon
ZonMW/Erasmus MC grant
Multi-center International

TORPEDO
Precision dosing of olanzapine in AN patients

ErasmusMC
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Patients on the ICU

ESLPAT

Amoxicilline

. . Meropenem
[ ) . ;

Ciprofloxacine

Ceftriaxon

Ceftazidime
175 patients
Cefuroxim

Cefotaxime

o]
Q? Z+1000

Samples

Amoxicilline/clavulaanzuur | 1

8 ERASMUS MC
_T? MAASSTAD
6’ ZIEKENHUIS
R )

650 }
5 g
»
g
39 | 67
20 40 B0

80

Hyperdynamic status
Increased cardiac output/Clearance

16,3%

Changing Fluid balance

Differemcesin Vd

- ~60%

Renal/hepatic failure

97
100

<

RRT/ECMO

ECMO: extracorporeal membrane oxygenation. RRT: renal replacement therapy. Abdulla et al, Crit Care 2020

Era; mus MC



DQLPHLAN Insight D

Dose individualization of antibiotics in ICU patients:
to TDM or not to TDM and the effects on outcome

Study design
Multicenter, prospective randomized study active TDM vs no-TDM

Study population
Adult ICU patients, started with antibiotics (beta-lactams or ciprofloxacin

Aim
Fast adaptation of dosing ->TDM -> shorter ICU admittance

Abdulla et al, BMC Infec Dis. 2020: 20(1): 57

ErasmusMC



DQLPHN

N = 450 (450)

De Merel, ZonMw, Erasmus grant

Diakonessenhuis

HMC, Haga

Groene Hart

Erasmus MC, FG&V




Post-hoc analysis

« SOFA < 8 (Mortality)

* Intervention within 24 hours (ICU LOS)
* Neurotrauma

Ewoldt et al, [JAA 2023

Wieringa, Antibiotics 2023

Ergezen, ECICM 2023

Probability given:

Tha chance of target sttainmaent iz 26.33 %

Model Recommendation:

Patient at high rish for target non-attalnment; consider TOM,

Model Specifications;

=l EE
irs

i i s Srevhmid, (e prediise cerrecily Wi 0% of S pateein whe
i et b iy R b B e daiahais.

Era_s musMC



Meropenem
Model validation

attainment

Review risk ] [ Integration risk
[ Target factors factors in HiX

_ Ciprofloxacin Ciprofloxacin
Cefotaxim PopPK model Validation PopPK
PopPK model
Cost analysis ]
Bioanalysis] N =wxaey Vo . { EXPAT | Review
[ Vethod EXPA study MIPD
Sustainable
sampling Review sustainable ]
[ Case series ® sampling
DOLPHIN study, Cost analysis ]
Q
[ ARC Review TDM } { Survey TDM
implementation

[ Protocol RCT }—( WIED sE ) ]
Outcome data

Abdulla et al, 31952493, 32933574, 32307575 33463382, 33708753, 34657093, 28618388
Ewoldt et al, 33770020

[ Inflammation
markers



https://www.sciencedirect.com/science/article/pii/S1570023217303197?via=ihub
https://www.sciencedirect.com/science/article/pii/S1570023217303197?via=ihub
https://ccforum.biomedcentral.com/articles/10.1186/s13054-020-03272-z
https://ccforum.biomedcentral.com/articles/10.1186/s13054-020-03272-z
https://link.springer.com/article/10.1007/s00228-020-02873-5
https://link.springer.com/article/10.1007/s00228-020-02873-5
https://journals.lww.com/drug-monitoring/Abstract/9000/Health_Care_Costs_of_Target_Attainment_for.98640.aspx
https://www.tandfonline.com/doi/full/10.1080/17425255.2021.1879049
https://bmcinfectdis.biomedcentral.com/articles/10.1186/s12879-020-4781-x
https://www.frontiersin.org/articles/10.3389/fped.2021.624639/full
https://www.frontiersin.org/articles/10.3389/fped.2021.624639/full
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Changes in PK and PD

PD

PK . L
— ss of arterial elasticity

Absorption

L

Distribution § § @

Metabolism @
Excretion @@

Kidney function Vv

RAAS-system V
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Other problems

Adherence
Poly- Comor-
pharmacy bidities
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Starting dose recommendation
elderly

* In general: elderly patients have higher plasma
concentrations when taking the seem amount of
drug as younger patients

Table 2, Overview of recommendations for starting dose to treat elderly patients with hypertension based on published data.
Starting dose advise for elderly patients

Drug category Author Year  Age of patients Drug (= 65 years)
Calcium channel blockers  Mion et al. [104] 2004 663 + 5.3 years Amlodipine 2.5 mg daily
van Ree et al. [105] 1996 50-80 years Felodipine 2.5 mg ER daily
Angiotensin-converting-  Lees et al. [119] 1988 71 + 3 years Perindopril (tert-butylamine) 2 mg daily
enzyme inhibitor Thomson et al. [117] 1989 =65 years Lisinopril 2.5 mg daily
Kaiser et al. [118] 1990 65-85 years Benazepril HCI 5 mq daily (dependent on kidney function)
Angiotensin receptor Sioufi et al. [135] 1998 65-89 years Valsartan 40 mag daily
blocker De Rosa et al. [132] 2002 = 65 years Irbesartan 75 mg daily (dependent on kidney function]
Pareek et al. [106] 2008 5188 % 996 years Losartan 25 mg daily
Diuretics (thiazides) Pareck et al, [1046] 2008 5188 £ 9.96 years Chlortalidone 6.25 mg daily
Duprez et al. [107] 2011 =70 years Hydrochlorothiazide 12.5 mg daily
Shiga et al. [152] 2011 68 + 10 years Hydrochlorothiazide 6.25 myg daily
Beta blockers Eugene et al. [108] 2016 61-88 years Metoprolol 25 myg daily (possibly lower in geriatric females)
Baxter et al. [109] 2002 70-89 years Bisoprolol 1.25 mg daily

ER = Extended release

Erasmus MC



Plasma concentration and age

Table 3. Average Difference in Plasma Concentrations in Refation to Sex, Time After Intake, Dosage, Body Weight, and Age

Drug [Metabolite], na/L Female, % Male vs Female Time, h Dose, mg Weight, kg Age,y

Amlodipine, po/L 30.5 —4.8 217 1.5t -0.16 0.12

[Enalaprilate], po/L 294 -12 -3.1% -1.9 —-0.93 -0.03

Hydrochlorathiazide, po/L 43.5 -31 -3.0 0.74 -0.75 1.1

[Losartan-ca), pg/L 47.6 17 -9.4¢ 5.8% -6.28% 12

Nifedipine, pg/L 514 -4.5 -1.0 012 0.20 0.73

[Perindaprilate], ng/L 275 1.9 -0.50t 0.55 -0.03 0.26°

[Canrenone], pgiL 423 30* 214 0.17* -0.32 -3.33¢
| Valsartan, png/L 48.8 408 -109t 8.3% 24 12 |
. Results are based on mult'rl.raria-h!e linear regression, inciuding the listed covariates.

*P=0.01-0.05

TP=<0.001

1P=0.001-0.01.

P =0.05

ErasmusMC
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1 question remains..

Do elevated plasma concentrations antihypertensive drugs in
elderly lead to lower blood pressure values and more adverse
events?

And is it necessary to lower the starting dose?

DECISI@N

eeeeeee n antihyperténsive dreg levels in patients with hypertension: old v VS young

ErasmusMC
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What is old and what is young?

+ Biological age vs Chronological age

+ Definition of what age is old is unclear
Elderly are often defined as > 65 years or >70 years

¢ Definition of ‘younger’ patients even more unclear
<65 years?
<60 years?
Previous study of amlodipine: 28-45 years
- We choose < 50 years
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Objective

Primary objective:
Is a difference in the AUC of losartan and perindopril when comparing elderly (>70 years) with
younger patients (<50 years)?

Secundary objective:

Is there a difference in the drop of blood pressure in response to losartan or perindopril between
older (>70 years) and younger (<50 years) patients; and if so, can this difference be explained by
a difference in the plasma concentration of the drug?
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Measurements

U 24 hour ABPM - most reliable method to determine blood pressure
Before and after the use of antihypertensive drugs
O Dried Blood Spot
5 measurements
Easy to use
Good instruction is crucial for correct sampling

U Restmaterial > RAAS-activity

Era; musMC
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Non-adherence

oo -

" YO IO
40«
cause resistant hypertension I I
-
Al |
i 2 3 H 5 5

More non-adherence with increased

%% of nonadheront individuals

Humber of prescribed antihypariensive medications

. ‘ Q number of prescribed e . 'r’t
antihypertensives ;_ e, et
' ‘ ‘ Overestmination by health care providers v 3 .
( E R RRERNIRERRRRRERRRRRIRRRERRRRRRRRRRRRRERERRRENN - ) ..-.;....‘--:n._--—-...:r-..»-u c

Under pressure: improving adherence and optimizing antihypertensive drug theraoy Gupta etal. 2017, Zeller etal 2008
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Ildentification of non-adherence

Directly
observed
therapy
. - Electronic
Non-invasive methods bl
Pill count
Prescription
ik record review Drug measurement in
;' IS body fluids
patient di RS Biomarker measurement in
SRRy body fluids

Patient interview )
Invasive methods

-

Less accurate Accura cy Most accu rat;

ErasmusMC

Under pressure: improving adherence and optimizing antihypertensive drug therapy Burnier M. Drug adherence in hypertension. Pharmacological Research 2017;125.
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10 Ineasure is to. know.... ...

Prospective observational study
Inclusion of patients at vascular and nephrology outpatient clinics

Inclusion criteria:
e Use of 2 2 AHDs that could be measured with a validated UHPL C-MS/MS

method

enalapril [enalaprilate], perindopril [perindoprilate], irbesartan, valsartan, losartan [losartan-carboxylic acid],
bumetanide, spironolactone [canrenone], amlodipine, barnidipine, nifedipine, metoprolol and doxazosin

Kidney transplantation
cohort with hypertension

VS

—
o NON-kidney transplantation
Determination of adherence /7 cohort with hypertension

Residual material to antihypertensive drugs

Erasmus MC

Under pressure: improving adherence and optimizing antihypertensive drug therapy
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Results RHYME-aD

Signed informed consent
available (n=185)

Exclusion | |

Exclusion:
© <2measwable aniypertensive | [igney pansplantation NONKT patients | - <2 measurable antinypertensive
drugs at sampling (n=16) 1 A R % * i
] = (KT} patients {n=116) (n=69) drugs al sampling (n=7)
o o e ) - No residual material available (n=12)
- Asked iwice to paricipate (n=2)
Included kidney Included NON-KT
transplantation patients patients
(n=92) (n=50)
Resistant hypertension Mo resistant hypertension Resistant hypertension No resistant hypertension
{n=35) (n=57) (n=31) {m=19)

ErasmusMC

Under pressure: improving adherence and optimizing antihypertensive drug therapy Peeters et al, J Hypertens 2023.
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=
7
§

Less non-adherence after kidney

110 — .
transplantation, more non-

100 —

- e s adherence after fullfilling the

- i criteria of resistant hypertension

- I I I | I

60 — I
Rusistant Hypartanskn (NO) = Kidnay transplantation [NO) (/=36 )— et e de T T

50 - N—

Resistant Hypertonsian (NO) + Kidrmay Warsplaniation [YES) (ve56)— e et s oot s s o cn st eR oot 1%

RaSiSIInt Hypartansion (YES) & Hidnoy trsnuplantation [NO] (e )=t

Proportion of patients adherent
to a specific drug (%)

Rosistant Hypeortension (YES] + Hidnuy transplantation [YES) (n=16) = e it

Q{\ Qg\{@ {@9 adg\-;\ --:11..1.:--:'11.1.-1..1.'1..- s

\q \Q L T T T |
\CP b eb ai‘p {oe'q 0& é 0“!‘ BE At (%) B Monadherent (%) ’ ::um;:mh,m:mm ::} "
?_-6" 0@ q '0 * pvalue (3= 0.005

*combination of partial and tota non-adherence to antihypertensive drugs

Figure 1 Adherence to antihypertensive drugs in hypertensive patients visiting the outpatient Figure 2 Prevalence of adherence to antihypertensive drugs measured by drug concentrations in
clinic assessed by means of drug concentrations in blood blood in patients with and without resistant hypertension (YES/NO) and/or with and without kidney
transplantation (YES/NO)

Era; mus MC

Under pressure: improving adherence and optimizing antihypertensive drug therapy Peeters et al, J Hypertens 2023.



ASTERICS study

Sampling:

1. Surgery hip/knee prosthesis extraction

Synovial fluid
15-30 minutes after start AB . &{/ /
90-120 minutes after start AB B AN Synovial tissue + bone
2. 2 weeks after first surgery: . L) Synovial fluid

3. a. OK prosthesis herimplantation: see 1
b. Antibiotics free interval: see 2

PopPK model (now n =70)

EEEEEEEEEEEEENEEEEEEEEEEENEEEEEEENEEEEEENEEEEEEEENEEEEEEEEENEEEEEEEEEERN Erasmus MC
HEEEEEEE SN EEEEEEEE EEEEEEEN EEEEEEE N EEEEEE EEEEEEEESR .

Demir et al, J Chrom B 20.2-‘I./.Ri-n.g-el.ir:g- et al, Bahmany et al.
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A Imgsrovin edhe =: ina blood

= Persistence
meme= fdherence/compllance
- = Pgfact hclherénce

10,

Selection of patients
* Resistant hypertension
» Phase of medication use

Percentage of patients

* Blood pressure measurement

« 24-h ABPM
 Adherence measurement :

* Drug concentrations in blood i P —
* Intervention

» A solution for as many patients as possible

IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII"‘ Erﬁsm“ﬁmc

Under pressure: improving adherence and optimizing antihypertensive drug therapy Vrijens et al. BMJ 2008,336:1114-1117
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Adherence intervention

Your
health/

e < well-being S MEASUREMENT COMMUNICATION

( Other \\::“4// Treatment

|eg ndverse
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Under pressure: improving adherence and optimizing antihypertensive drug therapy Peeters et al, J Hypertens 2022.
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ngmmbasure to reach targets

€ ZonMw

Does the prevalence of RH decrease after 12
months due to an increase in adherence by the
use of measuring drug concentrations with a

DBS sampling method combined with
Rrimary objective
RHYME-RCT
Resistant HYpertension: MEasure to ReaCh Targets

ErasmusMC

Under pressure: improving adherence and optimizing antihypertensive drug therapy
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Methods =

Multicenter, single-blinded randomized, controlled trial (RHYME-RCT,
ICTRP NTR6914)

Patients selection

- office blood pressure >140/90mmHg

- use of 3 antihypertensive drugs including a diuretic or Zantihypertenst
- 2 antihypertensive drugs that could be measured with UPLC-MS/

Randomization
- Standard of care (SoC) OR Intervention

SoC = BP measurement and DBS sampling at baseline, 3 months (t3), 6 months (t6), and 12 months (t12),

but results on antihypertensive drug concentrations were not reported in this arm.
- Researcher and analysist unblinded

Intervention = results on antihypertensive drug concentrations were discussed during a personalized
feedback conversctiismmapaelrma/mAf@E B EEE E EEEE EEEEEEEE EEEEEEEE NN EEEEEEEEEEEEENEE

ErasmusMC

. Peeters et al. BMC Cardiovasc Disord. 2023
Adherence = all drugs detected in blood eelers eta arglovase Zisor
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Methods (2)

Eligibility visit
=- BP < 135/85 @
¥ro mmHg "
«® Exclusion
24h ABPM b AR SoC Visit after 3 months
mmHg / 6 and 12 months
& Randomization Interventio -
DBS sampling n fm' é
24h ABPM

Adherence
estimation
of physician

¥

Under pressure: improving adherence and optimizing antihypertensive drug therapy
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| uﬁwrt

Fullfilkng inclusion
cntena and wiling 1o
participate (n=164)

Withdrawal infonmed
consent (n=6)
Log-tofolow.up (n=21)

l Wl 1o Ebgibisty wsil |

{n=td1)
Exciuded due 1o blood
prissure bakow targa
[n=41)
! Randomized {n=100} | -
|
[ ]
| S0C am (n=51) | 0 [imevenion am (n=sg) |
Lost-to-folow-up (n=4)
I Lost-to-follow-ip {n=3) !7 Withdrawal of concent (n=3)
Missed visit 2 (13} (n=2)
| s0C am (r=a8) 1 [mevenon am m=40) |
= Deceased n=1)
Deceased (n=1)
Ao = Ii lnst-do-faliow-ap (r=1)
| LOBHONEN \) Missed wsil 3 (16] {n=1)
| SoC am (n=45) I 15 Ilrn.ewernrun am (n=239) l
Deceased (n=1)
Lost-to-fokow-up (R=2)
| SoC-arm (n=42) I 1z Ilrdewemrun arm (=40} I

Era; mus MC
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. . Excluded Randomized patients (n=100)
P r IS t I c s r::f:.lm’ Total SoC alone arm | Interventions5eC
) [n=51) arm (n=49)
Male, n (%) 27 (65.9) 70 (T00) 35 (68.8) 35(71.4)
Age, year 596+123 594+111 5814120 607 +£100
BMI, kgim? HNE5£53 30.3£52 MA4L56 2448
CKD-EPl eGFR, mLimin/1.T3m? | 690 (455 - 750 80.0 T0.0
82.0) (48.0 - 90.0) {52.0 - 90.0) (46.0 - B9.0)
Creatinine, pMoliL 116.5 £ 55.3 1094 & 575 1089+ 66 6 1099+ 469
Mean SBP, mmHg 1253+ 10.0 1508 £153 150.7 £ 15.4 15294 15.2
Mean DBP, mmHg 750+ 95 £59+137 #59+142 £59+133
r Adherence rate at baseline (t=0) | 78.0 68.0 59.0 &7.0
%]
Diabetes mellitus, n (%) 19 (46,3} 37 (37.0) 20 {29.3) 17 (347)
Myocardial infarction, n (%) 10 {24.4) 21 (21.0) 7{137) 14 (28.6)
Stroke, n (%) 5(12.2) 11(11.0) 5{9.8) 6{12.2)
Atrial Fibrillation, n (%) 5(12.2) 9(9.0) 3{59) 6(12.2)
Heart Failure, n (%) 1 (2.4} 44 4(78) a9
Hypaercholesterclemia, n (%) 11 (26.8) 38 (38.0) 20 (39,2} 18 (16.7)
] 498 130130} 6118} T{14 3}
Mean number of used drugs, n | 97+ 4.0 102247 95+40 109+54
Mean number of used AHDs. n | 4009 428410 44+08 42211
Number of patients =2 17 41 18 23
with number of 3+4 23 54 L] 24
measured AHDs, n =5 1 5 3 2
| Mean DDD of used AHDS 54409 L E Al 66319 62422
[ Average measured AHDs of 7.2 68.2 695 663
| total used AHDS (%)
Groups used AHDs , n (%)
ACEI 15 {36.6) 45 (45 0) 26 [51.0) 19 (36 8)
ARBs 22 (53.T) 54 (54.0) 26.(51.0) 28(57.1)
Beta blackers 30 (73:2) 61 (61.0) 28 (54.9) 33(673)
Calcium antagonists 37 (90.2) £9 (89.0) 47 (92 2} 42 [B5.T)
Diuretics 41 {100.0) 90 (30.0) 48 (94.1) 42 (85.T)
INNENN NN NN EEN EREEEEEE | Oherincl doxazosin 11 (36.8) 45 (45.0) 22 (43.1) 23 (46.9) Erﬁmsmc

#
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Under pressure: improving adherence and optimizing antihypertensive drug therapy
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RB&ﬁ“l;Stension and blood pressure

A12.0 mmHg
=
L =
E b 'J_I l_Ll Bl Intervention arm
@ 160F w T T T =1 SoCam
p <0.001 2 11 [T ]
g 140
&= 120~ | . S 120k
£ Bl Intervention+SoC arm B
= (s, : E
%E e [ SoC alone arm g e ;
0 [+] i
g€ g0~ § 2 f;‘[l,u_l,u_l,u_m_L
E_% - — ug'i‘ T0 T3 T6 T12
% 2 60 I o A 5.5 mmHg
c -E. :E: 1207 B intervention arm
g M7 E Y B3 soC .
£ g ... | 85 @ ol arm
ow ]
g e E s ]
0- T T T -§
t0 3 t6 12 K]
2 gyt
2 60 .
LTI T l N
(=] T T12
Erasmus MC
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Results

€ p=0.014
120+
E § Bl Intervention+SoC arm
® E‘ - i i = SoC alone arm
no
B0~
§ 3
%‘é’ 60
fve—
o u
cd 4
££ 20
25
= 0 0~
& to t3 t6 112
Adherent {t0) — | Adherent (t0) — | Non-adherent Non-adherent p-value
Adherent (112) | Non-adherent® | (t0) — Adherent | (t0) - MNon- | (x¥3))
[t12) t12) adherent (t12)
SoC arm (n=42) n (%) | 23 (54.8) T(16.7) 7 (16.7) 5(11.9) 0.086
Intervention+SoC arm | 27 (67.5) 1(2:5) 10 (25.0) 2(5.0)
(n=40) n (%)

S0 = standard of care, [0 = baseling, M2 = 12 months follow-up, n = number of palient

* non-adherence 5 defimed as the absence of one or more measured aniihypernensive drug concentrations in blood

used by ihe patiend
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Conclusion

After 12 months of follow-up we found:
» Adherence rate t
in the intervention arm

1

+ Resistant hypertension
in both arms

- Blood pressure
in both arms

+

e eemamssmasssssssssssssssssssssssssssssssssssssssssssssss 2oformd

Under pressure: improving adherence and optimizing antihypertensive drug therapy
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<Hawthorne effect

Il Iniervention am

Deﬂnltlon = SoC am

The alteration of behavior by the subjects of a
study due to their awareness of being observed.

Average difference in

diastolic blood pressure (mmHg) systolic blood pressure (mmHag)

-1 5 L] I | ]
TO-T3 T3-T6 Te-T12 Total

1. White coat adherence
2. Adjustments in lifestyle

Il Intervention arm
= SoCarm

Inevitable while conducting a RCT
due to the need for an informed consent.

Average difference in

T T T T
T0-T3 T3-Té  Te-T12 Total

Systolic and diastolic blood pressure change between the visiﬁsr(g\g?ﬁtli‘ %yﬁ;&
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Societal impact of mdeuaIlzed
medicine

Less nurses required
Rich data collection
Machine learning

Parent empowerment

Education &

Education tools SN R

Privacy?

Era; mus MC
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Research Group: Clinical Pharmacometrics

NONMEM/Pmetrics
WINNONLIN/PK solver
MWPharm /InsightRx

ErasmusMC



------

Lab: 11 technicians, 5 hospital laboratory pharmacists
6 LC-MS/MS, 1 GC-MS, 2 HPLC-UV , 1 immuno-assay
120 drugs, FDA/EMA validated, ISO-15189

75.000 samples per year
Diagnostics
Research

Therapeutic Drug monitoring
Toxicology
Forensic toxicology




Clinical Practice

Assays: 110 in a weekly schedule
App: smartphone application (Elabgids) and via

Flow

Alternative Sampling
DBS
WBC
Meconium

il pramytrmnaren

ALICAM 400

o 10 - 195 Mo
WG of Daph. Aureus 15 - 20 mgll
Crairese hsin: 30) - 75 mid

Seapndene menegia; 1] 0 mgl

Sympnem
Wangoin

Cantainar by

EOTA b

ErasmusMC



Issues with dose optimization (MIPD/TDM)

» Collaborations

* Which model to choose?

« Validation of the model

« Can we incorporate all covariates?

» Clinicians resistant to model-based dosing
« Stand-alone

« TDM fast turnaround time

« Time consuming

» Skills available?

ErasmusMC



v Risk p-redictors

o

|

o
-

Video imaging

Machine learning

Suggestions

‘Observe comfort’
‘Measure CRP’
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Summary and future

MIPD and TDM
e TDM in the Netherlands

Integration of model-based dosing in clinical practice
» Pediatric Pharmacology
= Anti-infectives

Near future

Al/machine learning

InsightRx integration and collaboration

More formulary, such as pregnancy, obese/anorectic
Dahsboard

Real-time Biosensors

Individualized
start dose

0% —~
i © -

Patient
characteristics

O Wiy
Spy o o el _
B e
i " T P s v P
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Adverse reactions associated with
antibiotics in Taiwan from 2015 to 2019

ciprofloxacin

[|= 2015 F 2019 S RENRENRAZFE MR MR

WEEAY HRFERENER
B0 X ERRERS M 108
W (073584100

s Jotwiean Samcen me T4 | 3% e hitpsadeida gocts
Toxic Epidermal Necrolysis 45 27.5% RTER adr@tdriong tw
Skin and 167 Drugreaction with ecsinaphilia and 2 |l me. WEEY (SEETLNR )
Soemacs (82 3%) Systemic symptoms . : o ‘BONAMN
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others 22 13.2%

ceftriaxone 7% A;t;;l_hylachc shock 8 E71%
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1. Drug Safety Newsletter 2020 JUN Vol . 70 /2.Food and Drug Administration, Ministry of Health and Welfare Website



Clinical Decision Support
Systems (CDSS)

)

e

Figure 4. The country collaboration map for CDSS alert studies.
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1. Chien, et.al (2022). Healthcare (Basel, Switzerland), 10(4), 601./ 2. Hao-Hsin Wu (2024) Taiwan Epidemiol Bull, 10.6524/TEB.202411_40(22).0002



Steps for Al-based clinical decision support

Prospective validation
for example, model
performance is
consistent over time

Clinical implementation
for example, model output
is provided to nurses as a
risk score

Fairness evaluation
for example, model
performance is
equal among
subgroups

Generalizability

Cohort selection
for example, all
patients on dialysis

Al for clinical
decision support

External validation

for example, model
performance
generalizes to
another clinic

Data extraction and processing . .
for example, all relevant SIH’IplICIty
laboratory values and vital signs

Internal evaluation

Parameter tuning

Explainability analysis

for example, lower e GFR o
and higher systolic blood Interpretability
pressure associated with

outcome

Model training
for example,
heart failure

as an outcome

Loftus TJ, et al. (2022) Nat Rev Nephrol. Jul;18(7):452-465.



Model Performance Metrics

Evaluation Metrics +Actual Case

TP+TN
= Accuracy = v (TN FP) e True False
( ;’p +FP+FN) BB Positive Positive
 Precision = S TP FP
(TP+FP) E ( ) ( )
TP -
* Recall = A True
-
(TP"'FN)TP E - Negative
2
* F1 score = TN
(2TP+FP+FN) ( )
AUROC AUPRC
= = AlUCey = 0.726
g — Eg =
£ s
7 ol £5° 7
gﬁ; . AUC = 0.848 Eg;~
= &
S E‘D“‘ o
0]:0 DTE D‘Td» D:E C:B 1 TO OTI‘J 1'.:2 OT# DT-E aT.a 1 ..:l:l
False positive rate Recall
(1-specificity) (sensitvity)

Loftus TJ, et al. (2022) Nat Rev Nephrol. Jul;18(7):452-465.



Data collection
and preprocessing

Data collection and preprocessing might vary in format (eg, unstructured text, structured
data, and images) and in collection methods (at the individual level, eg, electronic health
records, or at the population level (eq. epidemiological surveillance data; table 1).'%%

Data availability, accessibility,
integration, complateness,
timeliness, quality, and
standardisation constraints

\Z

Al model development
and technical validation

Al model development and technical validation involves the selection of appropriate Al
technigues and methodologies, depending on data format (eg, deep leaming for image
processing and natural language processing for unstructured text), the distribution of
available data (eg, applying class imbalance strategies when datasets contain few infected
cases compared to controls, or selecting appropriate validation methods), and the specific
task in infectious disease prevention and management (eg, classification for infection
prediction or text extraction for clinical note processing). Model performance is then
assessed during technical validation using adequate performance metrics, depending
an model type and tasks (eqg, accuracy, sensitivity, and AURDC).»

Bias in Al model selection

Algorithm transparency and
challenges in explainability

Clinical validation

Clinical validation and deployment of Al models can take place at different levels. According
to previous definitions, clinical validation refers to testing an Al solution with real patient
data to assess its safety and effectiveness. This includes retrospective validation (testing the
Al solutions before they are implemented in patient care or using data collected before the
start of the study), prospective validation (testing the device after it is implemented in
patient care or using data collected after the start of the study), and, in its most rigorous

Lack of clinical validation
Challenges in real-world
testing

anddeployprient and preferred form, experimental studies (ie, RCTs)."
Al literacy and trust
Adoption and continuous monitoring of Al solutions requires training and building trust among infectious dispase
amang health-care professionals; and ako ongoing regulations, guidelines and surveillance clinicians and health-care
systems to monitor the performance of Al models and update them according to new professionals
Adcution and clinical and technological evidence. Requlatory gaps and

continuous manitoring

demand for monitoring

Scaling infrastructure
and policy implementation

10

Scaling of infrastructure and policy implementation for the adoption Al solutions at the
local, national, or global level depends on appropriate policies, including investment in
technological infrastructure, interoperability with existing health-care systems, and
strategies to ensure equitable access and long- term sustainability. '

Disparities in technology
infrastructure and resources

Gaps in normative and policy
frameworks

@rw®

Artificial Intelligence and Infectious Diseases 1

Artificial intelligence and infectious diseases: an evidence-
driven conceptual framework for research, public health, and
clinical practice

A Cbara " (et RBin”, St Siraatng) Tana mobinr Do i Eevs

An artifickal intelligence (Al b penjected fo radically shape health care, its role in infoctious discasr prevension and
mamagense is drawing attention. AL offers promising oppontumities 0 help tackde infrctioas disease thaeats and
Improve slimbal manapemeit. outhivak detectian, sad infection sontiol, As part of 2 didiabed Series o0 A apd
indrctioass diseases. this paper erts the some by proposing 3 goneeplual b rk that, building upan svaiable
Al rivdels and data sources relaied S0 puibogens. buman hosts, snd he sevirosment. comprehensively identifies
selevied domains where Al can be applie] scroe indectioos dissase prsesrch, i heulth, amd dlimicsl practice,
Buililing on this vendstion, the twe companion papers (m ibe Series follow with an indepib atien of Al
spplications indiagnostics snd smlmicrolsal reastanoe. W provide sn sveeview of eutrent sod Tutre 3 pplications of
Al in infestious diseave prevendion and mamagensest, exploring the beossd peteniial, avilable exgperimenta] evidence.
rral-life Enpleraentation exansples, and sndhnscal normative, ethicl, and policy barriers

Odone A, et al. (2025) The Lancet. Infectious diseases, S1473-3099(25)00412-8. Advance online publication.



Shapley Additive exPlanations (SHAP)

Shapley value : I

A ¢;(val) = g g{xl,...,xp}\{xj}-( val(S U {x;}) — val(s))
X: X1, Xp l

: X={xq, x>, x3} ,J=2
=S ={¢; {xl}J {x3 };{xll X3 }}



SHAP (SHapley Additive exPlanations)

@® Model explanation and interpretation

Pink dots: high feature value
Blue dots: low feature value

Shapley value for a feature and an instance

!VV

LSTAT
RM
DS

AGE

CRIM -

—

-

PTRATIO —=
TAX -
—+

B

Sum aof 4 other features +

Positive value: positive impact
Negative value: negative impact

-0 5 D 5 10 15 0
> SHAP value (impact on model output)

© 2022 GitHub, Inc.

Model interpretability does not mean causality !

High

Feature value



Anti-tuberculosis drug
induced hepatotoxicit

- Multivariate analysis of risk factors for
rin severe ATLL

(acotaminophen :
s Odds ratio 95% CI p
aspirin
| &asaine 8.87 1.32-59.41 0.024
amiodarons | carrier 4.13 0.89—1%.10 D.070
| mathotrexate 371 0.77-17.84 0.102
" \ Fancnr chdmu!hnrapg_f 1.04 0.99-1.09 0117

Direct liver ir
- ituberculosis drug-related liver injury; CI = confidence

| antineoplastic agents | |
glucocorticoids
against tumor
necrosis factor |
CD20
checkpolnt
proteins
protein kinase inhibitors | |

)

o

y
=Y s

Antigen presenting cell T-lymphocyte
DPA

[ Uf”ﬂ:.-"' Idiosyncratic liver injury

Host protein | amoxicillin—clavulanate
- cephalosporing

Izoniazid

nitrafurantoin

minocycline . ; i,

Nuoroquinolones i i . 4 . VR o s

— | macrolide S { iE!E:-:-:i’éSa'Eﬁi
\antl-binljl:s ] ] | %, e i 4 )

1.Huang, et al. (2024) Molecules (Basel, Switzerland), 29(11), 2663./ 2. Centers for Disease Control, Ministry of Health and Welfare, Executive Yuan, Taiwan. Taiwan guidelines for TB diagnosis and treatment. 5th ed./ 3. Chih, et al. (2014) Journal of food and drug analysis, 22(3), 356—-362.



Using Machine Learning Algorithm to predict
anti-tuberculosis drug-induced hepatotoxicity

Sample Collection Model Establishment of 9 Models I
Wang Fang Hospital Shuang Ho Hospital
{Training set — internal validation) (Testing set — external validation) Training Set
5-fold cross internal validation
l 1 One group as testing set while the other 77 patients as training set.
Repeat the same procedure for all five groups.
Data Collection 1
= I | | 1 |
[ Clinical data J I Genomic data Group A Group B Group C Group D Group E
Case: 4 Case: 3 Case: 3 Case: 3 Case: 3
l Comrol: 16 Control: 17 Control: 17 Control: 17 Controk: 17
Feature Selection l |
Univarient risk factor analysss Literat ; l
(p<0.1) NS External Validation
Testing group: 30 patients from Shuang Ho Hospital
l Screen Case: 5 patients
Control: 25 patients
Feature Determination 1
linical risk f i
Lttt M?;?;"";:;;‘:;:E‘ﬂ’;u Model Performance Evaluation for 9 Models
Age, sex, weight, ALT, AST, DA‘I"PIEI *1a/15 2 l
Smoking. drinking UGTIA1%27/*28 l
EPe Summative
; £l r [accurscy |[‘senstovty |[speciticny | Semmpe.
Artificial Neural Support Vector SR G AR,
Network Machine l
1 ] |

[ Determination of the best fitted model

[ | |
]rqode || Gmode || Cmode | [ Tmode || G mode || Cmode | [ Tmode |[ G mode |[c|-r.u_ae ]

*ANN, artificial neural network; SVM, support vector machine; RF, random forest; T,
traditional parameters; G, genetic parameters; C, combined parameters.

Lai H., et al. (2022) Computer methods and programs in biomedicine, 188, 105307.



Using Machine Learning Algorithm to predict
anti-tuberculosis drug-induced hepatotoxicity

Univariate risk factor analysis.

The area under the receiver operating characteristic curve (AUC) calcu-

Mo ATDH patients

ATDH patients

lated for the training and test sets for the nine models.

N =106 N=21 OR (95% C1) p value
[ & [ 3 . » . u

i () or meand 5D (X} o meanSh Model Internal validation External validation
Sex (maleffemale) 73 (68.9)/23 (31.1) 14 (66.7){7 (33.3) 1.11 (0.41-3.00) 0.843 from the training set from the test set
Age (years) 555 4 21.4 64.0 + 17.9 1.02 {1.00-1.05) 0.088
w-:ghy;;;;y 56.7 + 94 519 + 97 0.95 (0.90-1.00) 0.035 ANN T 0.705 0.768
Comorbidities
Hypertension 26 (24.5) 8 (38.1) 1.89 (0.71-5.07) 0.200 ANN_G 0.828 0.843
Diabetes 31 (29.2) 6 (28.6) 0.97 (0.34-2.73) 0.950 ANN C 0.894 0.898
Asthma 4(38) 2 (95) 268 (0.46-15.71) 0.257 SVM T 0.718 0.689
COPD 5(4.7) 0 : : =
Gl-related diseases 14(13.2) 4(19.0) 1.55 (0.45-5.27) 0.483 SVM_G 0.783 0.710
Renal diseases 5 (4.7) 2 (35) 2.13 (038-11.77) 0.378 SVM_C 0.801 0.728
Smoking 50 (47) 7(333) 0.56 (0.21-1.50) 0.244 RFT 0.694 0.688
Aleoholics 27 (25.3) 3(143) .49 (0.13-1.79) 0.270 = i :
Baseline liver function RF_G 0.709 0.701
AST (U/L) mean=SD 25.0 £ 16.7 31,6+ 139 1.02 (1.00-1.05) 0.083 RF_C 0.724 0.718
ALT (U/L) mean=5D 194 + 84 223492 1.04 (0.99-1,09) 0.207
Rifampin > 12 mg/kg 17 (16.0) 6 (28.6) 2.09 (0.71-6.76) 0.173 ANN, artificial neural network; SVM, support vector machine; RF, ran-
Isoniazid = 8 ma/kg 12 (75.0) 4(19.0) 1.84 (0.33-6.39) 0.330 d f t T traditi 1 d caini I binical rablasi i
Pyrazifianiides 25 figlks 17 (16.0) 4(190) 123 (0.37-4.12) 0734 om forest; raditional mode containing only clinical variables; G,

gene mode containing only genomic variable; C, combination mode

" p=0.JATDH, anti-tuberculosis drug-induced hepatoroxicity; OR, odds ratio; C1, confidence interval; SD standard deviation; COPD, chronic o .
containing all variables.

obstructive pulmonary disease; AST, aspartate aminotransferase; ALT, alanine aminotransferase.

*ANN, artificial neural network; SVM, support vector machine; RF, random forest; T,
traditional parameters; G, genetic parameters; C, combined parameters.




Taipei Medical University Clinical Research Database

Hospitals

[Taum | [ sum [ | wen |

I : I II.I I:' - o

- OFD — Outpatient Records
* IPD - Inpatient Records

- E-H-‘-EH'PE‘T'E'EHW Records

S - Taipei Medical University (TMU) e
= Laboratory/COVID-19 PCR {Talwan NHI)

- |
COrders :
*  OPD medication (Taiwan NHI/WHO ATC} Taipei Medical
=  IPD medication {Taiwan MHI/ WHO ATC) Uniwversity Clinical
— — - - - - Data Archi P, ;
R A =——————=~ 1
Fees _ S e _ De-identification > Research Database -
= DRG (Tahwan NHI) g
- Procedures [Talwan MHI) ! 'ET' ! -
T —
Demographics ORACLE | -formstcomension — Ssas
=  Date of birth/death SQL Server
=, Locations/Biood types i
: SPa/DPE/ Temperature De-ldentification

for each study PI

Motes and reports Conwvert to OWMOP
- Discharge summaries Cammaon Data
- Radiology (X-ray, CT, MRL Ultrasound) MMaodel {COM)
- ; Cardiology (ECHO, ECG} Research ol
- Pathology
= Feedback

Helght/Weight/Head/ Walst circumferences i < Lo ] T

Nguyen P, et al.(2024) BMJ health & care informatics, 31(1), e100890.



Drug-induced nephrotoxicity:

Drugs and Risk factors

Patient - related

Old age (2 60-65 years)
Female sex

Altered pharmacogenetics

- genetic variations in hepatic
CYP450 system and kidney
transporters

Comorbidities: cirrhosis, diabetes,
hypertension, heart failure, sepsis,
metabolic perturbations
(hypokalemia, hypomagnesemia,
hypercalcemia, urine pH
disturbances), active cancers

Kidney - related

Drug-related

Underlying kidney insufficiency with
GFR < 60 mL/min/1.73m?

True or effective volume depletion
{kidney hypoperfusion)

Biotransformation of drugs to
nephrotoxic metabolites and
reactive oxygen species

High metabolic rate of tubular cells
within a hypoxic environment

Proximal tubular uptake of drugs:
apical via endocytosis or
pinocytosis with drug accumulation
or basolateral drug transport via
hOATs or hOCTs

Use of high doses and prolonged
dosing periods

Potent direct nephrotoxic drug
effects

Exposure to multiple nephrotoxic
agents

Pharmacokinetic and / or
pharmacodynamic interactions
between drugs that increase the
free fraction, interfere with
biotransformation or impair the
excretion of drugs and their
metabolites

Dobrek L. (2023). Life (Basel, Switzerland), 13(2), 325.



Colistin-induced nephrotoxicity

Colistin |

Nephrotoxicity

_ Colistin _
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1.Dai C., et al. Antimicrob Agents Chemother 58:4075-4085 / 2. Zhu, Y.,et al. Pharmacokinetics and Perspectives. Microorganisms, 9(6), 1154



Using Machine Learning Algorithm to =5 @
predict colistin-induced nephrotoxicity ... | @ L i,

R & . i
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Patients recruitment Select the best performance in each algorithm

Lt}

Bt Senveitivity, CAT-SVMSMOTE LOB-SVMSMOTE RF-SVISMOTE
F1acare, MCC
o mor b ord SEN 0,808 SEN : 0.750
collection Demographic Lab data Comorbidity Medication CAT-EVIMEIITE - R e
with sl
MOC 10835 MOC 0400 WCC: 0500

e Lale LS T

1e)
3 AURDC, AUPRC {
Featx{re Resampling Hyperparameter ;
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Tomek Grid search
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Feasibility and validity in clinical application
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WA Msisr plot

Temporal validation Model performance Determination of the
cohort evaluation best predicted model

Chiu, et al. (2024) International journal of antimicrobial agents, 64(1), 107175.



Interpretation of the best predictive model

(A) Summary Bar Plot

Days of Medication Use
CBA cumulative dose
CBA daily dose

Latest CRP

Baseline HGB

SLOPE of SCR

BMI

SEPSIS

XD

SLOPE of ¢GFR

Yanable

Latest BUN

CBA dose per day per kg
Siepe of Neutrophil
Baseline K

Baseline Crll

Latast WBC

Latest Na

Baseline WBC

SLOPE of BUN

Vieight

(Y]

01

02 03 04
Sum of Absolute SHAP Values

05

o6

(B) Summary Beeswarm Plot

High
Days of Medication Use: 0.59 = T -—--+ *-
CaA cumulative dose: 0,26 -h-l'l'-h. -
CHA daily dose: 0.16 *—--—
Latest CRP; 0.12 ﬂ"“
Baseline HGB. 0,11 = =
SLOPE of SCR: 0.11 +--—
BMI: 011 *ﬂ .
SEPSIS: 0.1 I |
CKD: 0.08 G .
SLOPE of eGFR: 0,04 -—f é
Latest BUN: 0.06 * %
CBA dose per day per kg: 0,05 +- - - &
Slope of Neutrephil: 0,05 + -
Baseline K: 0.04 —+
Basaling CrCl: 0.04 2
Latest WBC: 0,05 *—-—-
Latest Ma: 0.04 "'
Bassline WBC: 0.03 -+
SLOPE of BUN: 0,03 +
Weight: 0.03 ’_
Low
-10 ~55 0o 05
Shap values

Chiu, et al. (2024) International journal of antimicrobial agents, 64(1), 107175.



Interpretation of the best predictive model

Chiu, et al. (2024) International journal of antimicrobial agents, 64(1), 107175.



Interpretation of the best predictive model

(A) Decision Plot for True Positive and True Negative Patients

DAY of medication use
CBA cumulative dose
CBA daily dose

Slope of SCR

CBA dose per day per kg
Latest CRP

SEPSIS

BMI

Slope of eGFR

CKD

Latest BUN

Slope of CrCl

Slope of Neutrophil
Latest K

Latest Na

»  (B) Force Plot for Patient 8

LR
0.023% Q06083 01453 03228 &778 0535

Lstest CRP = m'uumuu-u‘wummum-n.r!mmunm!mmmﬁ

True Positive Patient 8: SHAP value 0.85
A cumulative colistin dose of 210.8 mg, daily dose of 52.7 mg, 4 d of colistin use,
a haemoglobin level of 8.9 g/dL, and the latest CRP level of 17.3 mg/dL

¥ (C) Force Plot for Patient 159

higher = lower
propatity of AK) nate vae
LLvadl ] 005020 o 1403 e N9 DI pTR 04055 ag

O ——

CBA Gty Gock = 2039 | DAY of mascation se = 15 Baseine HGB = 151 | Lats1K =24 Latest CRP =07 | SEPSIS =0 CHA crnutsve dose = 4409

True Negative Patient 159: SHAP 0.05
15 d of colistin use, a haemoglobin level of 15.1 g/dL, a potassium level of 2.4 mEq/L,
the latest CRP level of 0.7 mg/dL, no sepsis, and high accumulative colistin dose of 4409 mg



Vancomycin-induced nephrotoxicity

Acute tubular necrosis (ATN) Acute tubulointerstitial nephritis (ATIN) Intratubular crystal obstruction

Peritubular circulation (bload) Peritubular circulation (blood) | ® vanconmycin

i Parhubutac checultion (blood) s, * vancomycin

1C 4
Proximal tubule cell (basolateral border) & Proximal tubule cell

' Basolateral border,
[basolateral border)

proximal tubule cell

Apical border,

Proximal tubule cell
{apical border)

Proximal tubule cell (spical bordar]

Oxidative stress Allergic reactions Tubular casts

A High intracellular drug concentration  § T-cell-mediated type-4 delayed A Vancomycin-associated tubular casts

within the renal tubules hypersensitivity reaction or —> obstruct distal tubular lumens

generation of reactive oxygen species complement system activation — block urine flow

oxidative stress - trigger inflammation

mitochondrial dysfunction

vobov v

cellular apoptosis

1. Kan WC, et al. Int J Mol Sci. 2022;23(4):2052. / 2. Perazella MA. Curr Opin Crit Care. 2019;25(6):550-557. / 3. Perazella MA, et al. Clin ] Am Soc Nephrol. 2022;17(8):1220-1233.



Using Machine Learning Algorithm to predict vancomycin-

and teicoplanin-associated acute kidney injury

r

Data Preprocessing
Data Collection data imputation
from TMUCRD feature engineering
data standardization

Model Validation

Perf Evaluati Best Model
(TMUH) accuracy, recall, precision, F1- roc
score, AUROC, AUPRC
Fl-score

Model Interpretation Threshold Adjustment

Model Development

Training set
(SHH & WFH)

\ V4

Feature Selection
RFECV (5-fold by AUPRC)
ShapRFECV (5-fold by AUPRC)

vV

Resampling
SVMSMOTE

Machine Learning
LightGBM, XGBoost, HisGradientBoost

Hyperparameter tuning

Bayesian optimization (5-fold by AUPRC)

Unpublished (under revision)

N

4



Using Machine Learning Algorithm to predict vancomycin-
and teicoplanin-associated acute kidney injury

Select models based on AUPRC in internal validation
AUROC AUPRC

Strike a balance between model performance and feasibility in clinical applications

NoMissing-SR-XGB-Raw NoMissing-5R-LGBM-Raw NoMissing-R-XGB-Raw NoMissing-R-XGB-ENN
No. of features 83 137 112 112
Internal validation AUROC 0.798 (0.791-0.804) 0.797 (0.790-0.803) 0.796 (0.790-0.803) 0.796 (0.790-0.803)
Internal validation AUPRC 0.220 (0.196-0.247) 0.223 (0.198-0.249) 0.221 (0.197-0.248) 0.221 (0.197-0.248)

Unpublished (under revision)



Day on madication

Latest biood urea mifrogen

Cumulative doge of vancomycin per eGFR
Number of concomilant nephrotoxic drug use
Latest total bilinubin

Concomitant use of loop drelics

Latest serum crealinine

Latest bicarbonate in arterial blood

Interpretation of the best predictive model

[Day on medication

Latest blood urea nitrogen

Cumulative dose of vancomyan per eGFR
Mumber of concomitant nephrotoxie drug usa
Latest-total bilirubm

Concomitant use of loop duretcs

Lates! serum creatinne

Latest bicarbonate in artanal blood
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Vancomycin/teicoplanin days, BUN, TBIL, dose/eGFR, and
nephrotoxic drug use were key AKI risk predictors.
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Unpublished (under review)



Interpretation of the best predictive model
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Equality of Odds (EO) Metric

Equalized odds (EO) metric

* Minimize false positives and obtain equal
performance across sensitive attribute classes

* EO was achieved if: Not more/less than 0.1
- TPR not be significantly lower than the average &

- FPR not be significantly higher than the average

* Using the 15t threshold for the sensitive attributes
group: age, sex, race, insurance, language, and
marital status

* Threshold optimization from fairlearn
- the post-processing thresholdoptimizer method
with the balanced accuracy objective and either the
EO, FPR parity or TPR parity constraint

Positive Negative
Reallty

- 84 a8

& Elderly & Young

TPR = L FPR = L

TP+ FN FP+TN

Overall ([ [14)V] Young
TPR (True positive Rate) 0.6 0.6 0.6
FPR (False positive Rate) 0.5 0.5 0.5
EO (Equalized odds) - v v

Xu Z, et al. (2024) NPJ Digit Med. Oct 17;7(1):286.



Equality of Odds (EO) Metric

Post-processing threshold optimization

Short model Original results [ Threshold optinnsation results
’-‘:'i‘:?l“sl‘l"' Gronp | AUROC TPR FPR | EO | AUROC TPR FPR | EO
Arrrione
Sl Long modat 50, | 0.13 074 027 | T T
Sensitive attribute  Group AUROC TPR FPR EO AuROC TPR FPR EC 30 080 086 026 v 072 073 028 v
= Allpatients  0.78(SD002) 0.80(SD0.05) 025(SD00Z) —  0BOSD(0.0) 0855D(004) 0255D(0.04) — 10 078 081 095 v 076 082 03] v
Sex Female 0.74(SDOB) 0.79(SDOAS)  029(SD0A3) 4 2 0BOSD(OIS)  085SD(0.34)  0255D(000) =0l 0.76 078 095 J 0.81 086 0.25 J
Male 0.80(SD0.08) 0.82(5D0.22) 023(SD0.06) «  0.80SD(0I6)  0.845D(0.33  0.235D(008) Age 60 0.7 082 093 i 0.79 087 099 /
Age 20 0.73(sD0.08) 0.74(5D015)  0Z7T(sDOO6) 0.76 SD(0.09) 09750 (0.J86) 0.245D(0058) & 0 0:73 .60 .23 e 0.78 (18T .3 ¢
30 0.80(5D0.02) 0.86(500.08) 026(30004) 0.72 sD(0.03) 0645D(0.09) 0.205D{005) x ) 0.77 .81 026G by .80 087 1.2 4
a0 0.78 (50D 0.04)  0.81 (5D 0.08) 025(8D0.03) 0.77 5D {0.02) Q805D (0.08) 02650008 0i) (.75 (.70 .93 b4 (.78 ETH 0.3 v
50 0.76 (5D 0.04) 0.78 (5D 0.09) 0.25 (5D 0.04) < 0.80 50 (0.04) 0.87 5D(0.08) 0.26 5D {0.05) ¢ Adian [Ty EE] [IRE] 4 Uil .51 RS 4
&0 0.79(sD0.02) 0.82(sD0.04) 023(50004) # 0.8050(0.03) ©0845D(0.03) 0.245D(005) 7 Black .78 .53 027 e 0.79 1).50 .25 ¥y
0 D73(SD0.08) 069(SD019) 023(5D007) ~  0BISD(DOS) OB6SD(0AZ)  0.235D(005) v Hispanic | 0,80 085 025 7 0.76 081 0.31 o
80 0.77(SD 002 081(SD0.04) 026(SD0.03) »  OBISD(D.0)  0.855D(0.06) 0.235D(005) Ritie Wt 0.75 0497 043 b8 (.75 0893 043 b4
90 0J8(SD003) 079(SD00T 023(SD002) ¥  0J/8S0(0.02) 0785D(0.04) 0.225D(004) Other (.76 072 019 v .78 0.8 0.29 v
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Native D78(SDOA7) 097(SDOOT 043(SD035) X 0.628D(013) 100SD(0.00) 03550(023) Insurance | Medicare .78 (181 (.25 v 037 8 (L33 v
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White 077(5D002) 0.79(SD0.06) 024(S00.08) « 080SD(0.02) 0.845D(0.04) 0.2450(005) Long model Origional results | Threshold optimisation results
Instrance Medicald  0.72(SD0.07) ©69(SD017 026(SD006) &  07650(0.08) 0775D(0I6)  0.26SD(00O5) L : , T ; : . e ; :
Medicare  078(50003) 081(SD006 025(500.02) ~  OBISD(0.02) 0855D(0.04) 02450005 Sttt | SEOUP AUROC TPR FPR | EO | AUROC. TPR FPR | EO
Cther 0.78(SD002) 080(SDO0S) 024(SD0.03) «  0BOSD(D.02) 0.845D(0.05) 0.23SD(004) T a0 1 076 01 023 - 060 063 024 | X
Language English 0.77(SD0.04) 0.79(SD0.09 O025(SD004) ~»  0.8ISD{D.06) 085S5D(01)  0.24SD{005) # 30 0.74 0.64  0.20 4 0.78 8% 031 /
Other DJB(SD 002 080(SDO05 025(5D002 «  OJ7SD(0O)  0785D(0.04) 0.2450(004) ¢ 1) 0.77 08 026 o 0.76 076 0.23 /
Marital status Divorced 078(SD004) 0.80(SD0J0)  024(SD003) 0795D(0.05) 0.825D{0.09) 024500005 50 0.8 087 0926 v (.81 88 (1.25 7
Married 077(50 003 OT7SDOOS)  022(8D00Y  J 0.81 8D (0.01) 08350 (0.05) 0.225D(0.05 v ""‘-'T"F G0 (5 1154 1.2 V4 (151 (.56 (.24 i
Single 0J8(SD002) 084(SD005) 028(SD0.03) ~  0795D(0.08) 0B4SD(0.06) 0.275D(004) =) (.81 086 093 " 0.81 088 025 /
Widowed  079(SD0.04) 0.62(SD0.08) 024(SD00Y) +  O0BISD(0.03) O0B5SD(0.O7Y  0.24SD(0.06) 7 80 (.81 085 0923 o (.82 089 0925 7
Unknown  0.J7(5B005) 083(SD00S) 020(S5D005) «  0B45D(0.04) 0935D(0.06) 0.2450(007) 0 (.78 s 022 e (.78 081 025 v

Bolton, W.J,, et al. (2024) Nat Commun 15, 506



Optimizing Antibiotic Use in Older Adults Through Digital Health Initiatives

INPATIENT

In hospital environments,
electronic health records
(EHRs) integrated with
clinical decision support
systems (CDSS) assist
clinicians in selecting the
appropriate antibiotics,
dosages, and treatment
durations. Real-time alerts
help prevent overprescribing
and ensure adherence to
guidelines, reducing the risk
of antimicrobial resistance.

NURSING HOME & LTC

In nursing homes and LTC
facilities, digital tools enable
staff to monitor residents'
health statuses and
antibiotic regimens more
effectively. Telemedicine
services provide access to
infectious disease specialists,
aiding in accurate diagnoses
and appropriate antibiotic
use without the need for
hospital transfers.

Z

QUTPATIENT

For outpatient care, digital
platforms facilitate e-
prescribing with built-in
stewardship protocols that
alert providers to potential
antibiotic overuse. Mobile
health apps educate patients
on proper antibiotic usage
and adherence, promoting
responsible consumption
and reducing unnecessary
prescriptions.

SURVEILLANCE

Digital health technologies
enhance surveillance by
aggregating data on
antibiotic prescribing
patterns and resistance
trends. Advanced analytics
and machine learning can
predict outbreaks and
identify areas of concern,
enabling timely public health
interventions.

Bear, M. et al. (2025) Curr Infect Dis Rep 27, 7

ABX STEWARDSHIP

Across all settings, digital
tools support antibiotic
stewardship programs by
providing actionable insights
into prescribing behaviors
and resistance data. This
empowers healthcare teams
to implement targeted
strategies, monitor
outcomes, and continuously
improve antibiotic
management practices.



Al in Infectious Disease

societal goals
Data source Data examples
Pathogen
Pathogen survelllance data  Survelllance systems Case notifications, cutbreak alerts, and
strain prevalence
Genomic and sequencing  Genomic databases Whale genome sequencing, variant
data tracking, and mutational profiles Epidemiology, .
Molecular and antimicrobial  Survelllance networks and Resistance profiles and molecular typing surveillance. and Pat ogen
resistance data laboratory systems 7 characterisation
L i forecasting
Host
Clinkcal reports Clinlcal information systems Clinical notes, hospital admissions,
discharge summaries, and emergency visits
Blomarker data Laboratory Information systems  Blood tests, imaging reports, Infection Drug
microblological cultures, PCR and ventl fovel t
serological tests, and cytology and bl i e itz
histology reports and control
Patient monitoring data Remarte monitoring systems Wearable and implantable dovices
and symprom trackers
Epidemiological data FPublic health survelllance Vaccination records, mormality data,
systems and disease registries
Administrative data Administrative databases Drug prescriptions, hospital bed
occupancy, and absentesism records
Digital behavioural and Mobile network operators and Mehbility pattems and contact tracing app Susceptible
mability data tracking systems data /' host o
Public perception data social media platforms and Soclal media activity and web search (’/'\ - .
search engines trends ]
Environment Portal of entry
Climate and environmental  Meteorological and Temperature, humidity, rainfall, and air Q
data environmental monitoring quality
Systems B
Water and wastewater Emvironmental health agencies  Pathogendetection in sewage and
surveillance data potable water Mode of
Vecror and zoonotic Vaterinary and entomological Anlmal reservolrs and vector density transmission
survelilance data survelllance systems manitoring
Table 1: Available types of data, data sources, and examples supporting artificial intelligence models Portal of exit
in infectious disease prevention and management, categorised according tothe components of the
epidernlnlngi:triad c,am advanﬁgﬁ

1. Odone A,, et al. (2025) The Lancet. Infectious diseases, S1473-3099(25)00412-8. Advance online publication. /2. Howard, A., et al. (2025). The Lancet Infectious Diseases.
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Defining dose-exposure-response relationships -
Artificial Intelligence and Infectious Diseases 2 W oy @
- vty e T In vitro I vive
arget identification Preclinical drug development relies on a s E Y £ H £ & £ Fos
eiation th i s it tntonddbeyii ol Artificial intelligence and mfectmu.*: disease diagnostics:
drugosbletamets from techniques that, although not state of the art and future perspectives
pathogenomics data traditionally Iabelleda;ﬁlr.fall within its s Mghiet s, Tty ol Biavesion, Risrokd Ginthamtigiy, e Ticht, Disiier Mg, Difingl iy Ao Ceribn Fteryens Erid O Aboeiye
using pattern recognition broader scope {¢g, regression models) N Claine Gk, Carofing Gascia Vicol, fewst B sy oo M s '
. Artificial intelligenee (Al) b reshaping infections discase diagnostics by suppaorting clinical declson making.
De novo d'ESIQ.“ Insilico aptimising labaratory and clinical woakflows, and enabling real-time disease surveillance, Al approsches improve  »
i - pathogen detection, antimicrobial Mewardship, and treatment monitoring, enbancing diagnostic accuracy, efficiency,
L] GE;EFR?:M of novel ——J‘::_ Iterative feedback loops integrate in and scalability. The robe of Al in combating antimicrobial resistance is partioularly significant, enabling rapid pathogen
@ molecu FSTI‘I.IEIlU;‘EE T M vitro and in viva data into in silica Al 1 | identification and persanalised trestment. Despite progress over the past tvo decades, widespread Al adoption in
wsing an impartia | ey infectious disease diagnostics faes challenges. In high-income countries, fragmented dats svosyatems, incomplete
appma:h frigciess; which Inl.um ref:ne 5 datasets, and slporithmbc bizs hinder cdinkcal integration. Meanwhile, low.income and middbe-ncome countries
subsequent experimental testing conbenad with limited digital infrastmutuee. unstandardised data, and financial constrainis; oacerhating disparities in
diagmostic access. Furiher barviers inchide concerms over interoperability, data privacy, evbersecurity, and the regulation
B of Al implementstion. This paper cxamines the role of Al in infections disease diagnostios, highlighting bath
it id-EI‘Iﬂ:.ﬁCﬂHﬂﬂ ; Phase 1 Phase2 Phase 3 apportunities and limitstions. 1t underscores the noed for coordinated iwestosents in digital nfrastocture, y
Identification Ofﬂiﬂll'l‘lat Al may have a rolein dinical trials > lurmonised  datidharing Frameworks, and diniclan engagement 19 suppor equitable, sustainable sdoption
candidates IhfﬂLth thfough déﬁigﬂ. recruitment, and Addressing these challenges will enable healib-care systems 1o hamess the poterdial of Al 1o inprove infectious ot
s:reening thigh eraliation ' o —» —» diseane detection. prevention, and managerent of infectinus diseases, thereby strenjthening plobul Bealh resilicnee "“‘:MH """::"
volumes of compounds @ '
Lead optimisation
ﬁ Madification of TR
; inical Practice e H i .
%12—5 candidate compound Artificial Intelligence and Infectious Diseases 3 W et ®
n based on prediction of = o = o
ADMET. DDls. and MoR Empirical use ——— Targeted use ————————  Precision dosing s L - = : : z
e Artificial intelligence and infectious diseases: tackling
antimicrobial resistance, from personalised care to antibiotic
discovery
Ay o, Mok e, It L Covwm, Mo Yiew Exin Ehffy. Maru bvmedimbe Alssarfio) Gemned, Wk fope
: o 5 g Furt
|I'Itegfﬂtlﬂl'lﬂf D,ecasam support SFratrﬁca:mn Qf : U. h‘?r f Antimicrobial resistance (AMR] is an intractable problem that has the potemial to signilscantly lmit sdvances i s sin i 250
mdﬂmiﬂbgkd data based on dlwk'ﬁ-‘ optimisation o human health. Recently, the UN General Assembly [LUNGA) High-Level Statement on AMR defined targeis for
:nguich l!;l'nplr‘l{al surveillance and MC’E'-EI'{IIng dose-exposure- {‘h alll]-i:“imnlw im‘:lla-tl ll[m::;mt on human, snimal, and ensdrenmental health, For human health, the discovery =
Bl § %) T and development of ew amibiotics, amimicrotral kwudl.ltipplnyxmmﬂ_Jmimit vobial surveillance, and infection.
Surveillznce-basad EWS aﬂt_ﬂﬂmil P'&itaﬂdmﬂt il'ltﬂmfﬂtathﬂﬂf it eonrol and prevention are all key areas. Antibicial intelligence (AT} is ideally placed bo help achieve the UNGA targets.
e b e reqimens liT!-gﬁD!lll! results wia its robe i reveading patterns b data that are dinically indiscernible, and using that informastion o build clinical |
'_;]U":IE'S PITD”tl'i-ﬂtlQI'l decision support systema. However, significant barriers remain in torms of necessany infrastrocture, koow-how, and
of diseovery and ill ' . the Implenventation of Al approsthes. In this Series paper. we consider the potential applicathons of Al i combaiting 4
disieba FI'II'."FI?EFEDI’*S Survelfarice C05S DIW'“ the AME problem thiough drog discovery and development, antimicrobdal stewandship, dagnostics, snd surveillanee,
P . . . and their use in public lvealth, We then disuss the technical, infrastructure, regulatory, ethical, and policy challenges | 700 0F "
9 ﬁ that affect these domatns. e e i bk

1. Odone A,, et al. (2025) The Lancet. Infectious diseases, S1473-3099(25)00412-8. Advance online publication. /2. Howard, A., et al. (2025). The Lancet Infectious Diseases.



Big Data Analysis for Monitoring Pharmacotherapy
From Rule-based techniques to Al computation

(1) Formulary management/
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(7) (2)
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No drug is 100% safe for all people in all circumstances.

=X (& 5l 52 & AR,
”ﬁfﬁ( 2N KRR T e
.................................................................................. ;E,/%EAE@\E\%

EAMMRSR  EER HER
ERRNENEE

................................................................................... u Rz ILREEmED  EEHESR

&I SR e (5 2 LARE AP

MARERE?

©




= RUE G B R EEERUE)




100E5H4H1E1E

29'2 _=E" T‘FQ: RN 895831 A AT B
= I =

00
0o
H

== e [ 26y ==
2 ' &=

>(Q/ﬁ)l|ﬁgm|5 i

0% BE;
894 AV =25 [Z1E
N
I\I\nﬁ/b.\\?ﬁﬁﬁ / % =
17 T #ER
iy

?Q NN

PIXI1TH 7/




i

L ﬁ 2 A N \ .
Y8% = TQ si_ﬁ’\ ~ 89E5H31A AT B
— RV =W

> £~ 100F5B4HB1E

E B
FIEEFEREAEYNRESR  BEERERE
R AVERENREMLE A
HEMPEABEREZE
HRBEHIBREER  BXBEEXLRE
e [RAl

ANBREMESIE - JFEKEE




WEREAEREE

v IEEERSEEY)

» FEFER-REEER A ZIaNAZEYIRRER

« TAEY)-BERBLENEZEREYFTOE - OAHES - MAKRENEY)
(REHPEE - iR F%E - B )

HES 0 EREREES

FrEIERER - SR

REMFRRERICT - SR E _E‘J’Q?Tﬁ(E‘EI!%)

104.12.7F@EAE :
mp FRIRAZEM AR ﬁﬁi&ﬁ&iﬁ - EERAER -
ERBAEREEEFFEEUMIEXAMEES

= IR E R ©

}

AN
i
b




® BFRRU(FEL4R)
® BRI ER(E

(%/L,\Béﬁ'ff""‘ HR)
HREARAS HREARAZ V5 TE fa K N B ER
EERIEARE EERIEANBGE




BERME A5

114F2H11H BXFREFEpFREFF 11414108595

N

B 5 NSEVEZEAEESNEESERIMEIIAFEEENERF ZLFEN -
B KB | EEKEAFRORELIER - THRERAFE16RELIERE2IR

B N55E  AE1I4FEEZRT ' MEIAAZENEEESE |
1. RN =T 2855
2. EERE® 24N
3. EEREEIWE Z W REIE
4, EEREER L ICIT RIBETESE -

OEmEEE RN EEE SRR EE N S RS RS AER -

©
)




BERCEE - ERHEHERIRE

AR E =R R ERRERES - TERBESONKE - BEEE KEAM
MERE(E) I EREZKIERBREER - WMEXKEAFTIER - RES I -
(ZE101%)

IR AOEPREEEREHBEZEZIE ZAE - RITEEMAE - HEEY S
BT PAFZFENEESEAIUEE  ATENBR  TASEABC
AMzmMmER - (F111%)

BB EMBRKEAB)NERENRFLIVRRESE - EMai28 Tl L1087
ik - WS RES - (55231%)

ERFBIUKEEE - BHEE6T o L3BITLI MR - (5241%)



h S
HEREE-BEERIE oo

ﬁ
&‘

EFRARBAZESRRNZEWE

T

UL E: —ELEBI= Z BT —2F ]
S5t -
1. BE2ER<318>0.1%

G. HELAMER>31E>0.02%~02% ZEEREIEETIR

K}
1
5
I
%

}

J

75 8 B |
(102FEAL BEBEERBEUNS ZEERATH205)




BRI ABLE  wee waeomss

(BREWERHFREZZETEFRWE) F1=1F - FTRKRE

4

ot

AV

=
~ =

= HBAERMIRE

110F9H3HB 38 Ex

.I

%t*ﬂ BE ﬁ’ﬁi ts) 1_.|'
R REAT ERAAZ=BEF




REMFLAHARER

. MARI0FIA2 BT HAZREFH

110£

3
/]

BE| BERRLHTAREE

2. MANINOEIAI AU EBELEBETEH

MR s

/f\|':'Jm|:|1__W A

zeZEE
—

=1




[ F 8 N E

1. mmﬂuu#gﬂzaﬂﬂﬁiali*#=
MEHASA () =

=

1i2110F9H2H

ki (XEE) + Rifodh il (X580)

Qrﬁi

- e H= BNl SHEY gL
= - R FoA
Al 3% e E ST | wa
"B (Bt = 3) Fif Ao d 4o C Ffx : 25) {lm:ﬁi‘ﬁn
)
CEAEFHMEZ—& 155 85 4
B do s 44t [oE
32 == [ 160-200
FE = AAFFLAMAAEFHETFL 8
= X8
ik EEFVUAMNEACRAGRRE RE  AERLBHRSE Bk 100 R A
Al MRS A R RS A R T8 T A4
L 'ﬁ"wi{’ﬁ Fid e Bt (- %) s A4t A SR
'Y (i@ %5) Y
1 8 Wit |EEAR THRR = — & A | B 2%
— . &1
= 30 10 150—200
_i& = REET RN AT
W B 22 Ea 8 110—150
M ae B 20 |= . st 6 100—130
#ar 4t oE 19 4 95115
ik SRSkt R R AR EARE AMERBN S Eahie AR LA
ERREEZ MMELRE B ATE T84
Y
;: s 2SR ] 54 2 SIS I
bt B A MR AR (R PER IV) SGE R (ERERIN] » PR A i 3 LA F K=
e BB B -
B |figuiinREsa 0t tmis AMEAMELE
Eam HEFEAARERELILTFTLRAZMMEE - RiTBT ¥ w60 ¥
it |4
Bt ®EEA S S AN B EEE L B8 T o i BEEAMEESS
i - g Ruelief Foundation




3 A \] Y % 2 ==
FEHAR1I10FEIASHMESSE 7EEEH (1)
BERFLMAHERETR 5 iE
2. HANN0OFIAIBREHFAZREFH
MLk “ 25 E
B A4 _ >y
SRR 2 (B MAEEH L) W
B3 225-300
= 150-225
I 4
] P 75-150
& w715
) 225-300
— 5 150-225
- $ 75-150
15 %575
5 170-225 REEAZSERERE
. e 115-170 BRBESA ERELHRE
= & 55-115 T o AR S LB E 2 B B
ol 18 # % 55 BE S FREM2H




£H (2)

; ? PligsEva=xE
FAR110FE9H3H LB B 2% =5
BEHBEATEREEL 15 IE
2. WANNOEIA3IBREFAZBREETH
ey Hit e E
F S £ g 3
YO 04T F6 4R W (i ¢ B 7 fh 3%
5 225-300
- % 150-225
P 75-150
fi& %5575
15 170-225 KELEAZSERERRE
P o 115-170 BB 5 BLA 5 e E i E
- o 55-115 5 0 AR Sh L B E > [
- BE > BEELMNLHE -
g4 4 S =
B 145-195
b % 100-145
P 50-100
1K W% i 50
155 130-175
5 90-130
R -
P 45-90
15 % & 45




BARII0FOAIHLIBEEZ7EESH (3)
BERROHATHEBRITR 15 JE.
2. WARN0EIAIBRABRLZBESH
waniam | MU | e waese s

(1) 4% F AHE B K
e e R e 3
FEdAfel PR X i B A
E A AR 2 e B RO
A -

(2) & B ® ik kAR B
R E kR R B A

B E R R AT A H 5 1-60 ERE A LA R LA
AR R E kRN
Bz MBMaEEs T
4t o

G)RMBEH BN E
B R hm B

F 0 138 T 5 ho L4



\»J,

B E R

BETRA BABREMIFBREE

SETC#A{Y - BRI ~ B EmAN

o ISR ERAERM I ARREHILT/[EMRE - IGNRERIEER

BE41YT -

FOAHIRREMAREIEE - RESEEANRTAN

® BEXRMAA - N HEEEEHKEZEMSX O WEAIF IR ZNE

sufos.

TR (S

- EERER - TERE - Bt BEERS




e iy 2] Ve iy an \
zHZETQﬁF\ == 7H Et A E 150
== 0 IFI%FI?‘Z:-‘ % MRAZLSR

« TERESIMEEEZNENMGNERZEE @ B
HENEAEZZEE , EdBAESWE  BEE

. BEBUSFSEBEESUTITA - BT EHER
SEE BB ZEERRHEAEALEEY -
HPHEBER R BAEALREOR




RERCEE=ERRA (B8R )

=aEE?
mEEE S
(35T -~ (&t - mEER)

. EB131%
o OBERREBRE e E—REE?
i EEE ?
Underlying disease? fhZ&?

G AR R’ A
=aAE MR {ZEEY)? (fEAR ~ 52l ~ BB R)
SRR ?
R % féﬁ;z i
-Micromedex ' J
-Uptodate

C—







I\

RITEBEERERBAER?

IREES b =prN=z ke
%E Bjj Tﬁt % E TQ /nYr

0
EANEHEEEE

M.NZE52% - BHEaZE. ..

O AN
@ REMTRERR v = % E-REASECERES -

BAZABREANERN

FBEWEIEFEL3FRSHE L—@




BHERE O
R ERE R

HEASFAE  BRESE—WE

WEEFIE TREF mEEFE
(BAAEMEEE ) Ll [ EEEERIE )

M BT AR SR B WihEmEs

nEES
. GEhETERR ﬁm—m SATETEMEER
TR ToE e et L EE AT SRR EED -
(hE - ERERAREETEERA ) RELMETESSE ISR

SET - (B - B E AL
B E M

T FREEEERRT  ANEE

FEAAEENASETE e e mEF RS EER

FREZABENREEE A PR e S
Ak i AR 02-2358-4097 T AR 1922

HifEEAOESSREL

BEEEA Y = I
BERFIEIEHN MW H2FR SH83ERER

AESIEN

4]

.Cé&ﬁiﬁﬂﬁmﬂﬁﬂiﬁl 'mm_nnnzt




I\

RITEBEERERBAER?

RESET - [EHilEE

B (IR T2 E
&  FEERBEEERR | |:=| WHOEBEER 1%
EEENE - RIELR J | Rcommonl[& Z]

FEERUEAF L3RS




38 [ E SMEE AR %2 on 2 = % [R R

( 100.09.281THp B LSS )

—. B '#nERSEEER ) T ABETERXEEREZE
RNZEZIEBR  IIRGEBEEREBEZSZNRZ— -
. FraBEEReWERBENINER B2 T o BUFHES L AR 2 BRRR2)

HEENEEZREFEELEES] -
o THAIRRAZEN  NEHTHRFEZEEENEEREETRES

BREMREERZE HEEARKEBEHNEBEZELEWHI B aE O] EREY)
of choice) ' R SHAMEEERE - 5 VWERUJHARBEERNE

EENEAE T T IEE ) \HFTE T AR EERERAEES N E R

EFERE - MIE =)
afasl

( drugs
oo o = e

SE=BREAEZ -

©



= RUEBRR RIFFENE




=R

BERNERIWARSE

(BEREER)

A

2= (iR ERis RUE B BULE B E
FIENZANEENEEES
5 = 5 &M RIEBA B ES R Bz UL -
SRE AR TR B4 %iB % ¥

C WS ) ( A7 S S T B )




}

N~

Nl

nha

(2 it WA RE FA P R E B

EWER: ® A B

AN

t 44 1
e e ke CIMad s IR e sy
FtAFRLA JUSAN [D8aa: Owiad Oesss Onasras ie
“ # H % trETH
% | #4 | al jud
- ,mlg_':_A % | #10m |nm S A &) | mswn (o)
a4 e A [
—I— P HASEFALAP HREERLH - Haidit) - SHP WA FY
- I% AT R [ MAARFAz LT ALY AR EAASY Bk - FL2TALAABEAES
|d-| # [ MAREFAL ETRAA(Y AT YD
E a | 4 = |#w | §ETH
[ m— | == E}%A Alsesiun misEsw | o)
- B 4 i 1t
R ——
( (—)AMEN
BREEH(AS)
== === == THES SEYE TR BT
\ pB == & L TR ER I Sl
: RO(RFIRS BERM
S (=) REFRERGLA AT
;" | S E£5.50 7.3
£ IS ESTE - NE. i ] H | wEak | i ] 1]
B PimERECRARO R i n i
g' | S NI VSR
B ALY
& i [CHEPE: fi §___H 1 N [ER ]
1 g [ I8 4 i i -
E E e o B
E (Z) B¥FRAAMEHL S (HE—9:8)
__.;"_"‘ (adg:___ ¥ A 8 -#Mrcedg)
=E OMimcnles Aafsas il SRS - LUK 8§20 Spas)
EE-II CRExs
{é ZoRAFHEAATHARTFRA LN A RSN A3 MEABE T e [y
E =R
= — s kA AV HAHAT -
g |[=AAREE Eitht BHFARLTZMEL A RFRAEE® DT A RREHTASAE
g SRAAMAARELABRY MFEHBEAFRME-RGEBLHA L CESEREEH -
" FIkARE
WHE W #® A H

mIH -M2H



}

T s

N2
o

nha

A

X &

ol | 9 [

3 R

ga9F - WA IR SRR IINEI0RE IS A SRS E W

EH

2 [

¥ AT e g Hf FE G A TR EsEH
S kR E L 1. vy ELE L i
FERESEER l aEHEsRRE TEMESRMRE
FFHLEREE 3odmrEe 53 LT o
4.

|

AR S & Bk (4 i)
ARSI R @EA
Fo LRk

= OB LA L [ =

=)

B FEGE A S FHEdRiFE R &
: o 2

AR EEL
PO L ABR(TRARETR

EL i

ERTITIETS

LS LS £ oF S
BuEts @Bk

FofBlEk(yikABEs

oA R ERD)

— BT Ee HEM AT

i
LY
LY

—) Rt bl D RE ALK KAMAN
—) S AR FE S RFARAS R A WA -
CREEB N RRRARE ol REE S MAL

S K TFTREHNEL —F  FHPHRETEH

(=) HFREUNETRT2 2L MG B TEFTA A HUSRALB AL - B w2

S8 Sl

(= A Eino &0 aE -

(=) BiEempitdEmn S F + & F 0 E k4 M3 8408 -

(e ) Fl— S EFERC BN LA EFf T A SRSt am -

(Al $mrpardtidass - S ESFs s 8E -
() B2aen HBEFHELHET -

(£ ) B Hekr e £E -
() BB TEmMELBRAE A LA BHEH

= gL N A

() TRARETHB- T L% -
1 ) HphseE 4r i il o b2t i

- BEHBFPFAEMETHESHEAE ST Mo BN () -
E-REHEBIPRARSEN BIoB =T A ML r AMTHLER X TSR - 7 /A
HELRS, - FELBPFAGN=1 9 365 8 E &

#®r=+a -

F-REHBSRAEaBL s ET i TR ARt as =1 aM - Hifh
H-RBFHAETRALEEHFAHTHEARET 2 M -

CEEEE

£ AR BETHNASNAHENF AR ET T LM AR E R e =i

e A RSB RGN Bl

o kARl — ok - fea R MAN S

EEGFRDEEE - HERE - Berd i

Mo BEEL Ry SESASA -2 AS RS SR S -
AELRZE  FAHL w8 EHRERT

LB T4 ARAIE

FRHARE

LR B B

-

29



SR B =EEAR EFFEEXR

S ERBRERE X ERBRERE S ERREERZE
2R E RS STERZEEIRE
SBBEERIER B B¢ 35 AR IE 2 T 2 SETERA

BN IERER BN EREF REIREEARNER)
FPOZBER (pEAmsetBA POBBERN (sEAnsetBARE BFEABSDEERER
BRI ) iR ) ISIRESS -7
EBRFFEEHAIER - HERSUHEH S

)



5.®mERFEL
EENEELAZEEER

2. mEERY/ 4BEER 6. BN FEF S
2B R Al AKX =]

KB ERREEMRELRR .
BB R R~ IEARE




= ROE T




5000

o
o
™

4500

4000

250

3500

3000

200

2500

150

2000

1500

100

1000

500

™
™



=

ARl#E

5
S

Hepgm

[ |
E S

4
™

mnu M H

0%

- - - - - = - S
& © © © o ©o © o o o
S & ® ~ © ©b I ® & o



JEE..M‘I*EEUE%*EZ MRl ZREAET

% . (1999 —2025.8)

@)
- -_-

"M ¢ 294 424 718  NT$208,947,500 NT$297,903,750 NT$506,851,250

¢ 66 56 122 NT$63,750,542 NT$53,616,588 NT$117,367,130

i G 946 764 1710 NT$39,532,665 NT$31,271,006 NT$70,803,671

1306 1244 2550 NT$312,230,707 NT$382,791,344 NT$695,022,051
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S iiq‘%ﬁN?EZﬁEEﬁ%i%ﬁ:XE}iFE%ﬁf (1)

(1999 —2025.8)

>

* 2 a

Stevens Johnson Syndrome
T nhx- 1N o

Toxic Epidermal Necrolysis

Skin and subcutaneous 1698 ¢H o6 ™ (H z SIS/TEN overlap) 326
tissue disorders 885 813 : : : . .
5 5t (66.59%) Drug reaction with Eosinophilia and Systemic
4 Symptoms 218
Q ., W dnn uynt Q
Other Z~ 281
Hepatitis (= 1 )N @ 87
Hepatic failure (= 4 )N 56
Hepatobiliary disorders 222 y L v~ 52
N 95 127 (8.71%) Drug-induced liver injury "Qn N A 26
Fulminant Hepatitis NN 24
OtherZ~ 29
Immune system disorders 201 ATEPIIEISHE Sress 22 —
o i . .
i N 94 107 (7.88%) Drug hypersensitivity "Q 26
OtherZ~ 17

1 389l




RERBHRIRZAAKREMARRIERET (2)

Agranulocytosis nen 10 36
Pancytopenia /] n 0 28
: 108
disorders 77 31 (4.24%) _ 3
n u HN -4£%70) Neutropenia Mn 10 10
Leukopenia ©n o t 7
OtherZ~ 15
Neuroleptic malignant syndrome
o~ 18
A Q@ n ™o
Encephalopathy 7
Nervous system disorders 88
N 4 42 46 (3.45%) Cerebral infarction 6
Hypoxic-ischaemic encephalopathy
N 5
OtherZ~ 52

1 3891




HERBRNIRZOZEmA T3

(1999 -2025.8)

1 Allopurinol 283
2 Rifampin/lsoniazid/Pyrazinamide ( GCH GJ 162
3 Phenytoin 160
4 Carbamazepine 146
5 Diclofenac 110
6 Co-trimoxazole 93
7 Lamotrigine 70
8 Ibuprofen 68
9 Sulfasalazine 66
10 Mefenamic acid 63

1 3891




EBEMARAFROE ZIER 7
l_-ml

7 312 355 667
2 o} oy1( M QN6u 206 228 434
3 4V Q K "H N ‘Hi ~t QMNvan 176 122 298
g zﬁunzwzamnn n O NaNWYy Q "H 9 "y 4H | = | s
5 QNéuy & "My H ~ n - 46 51 97
6 N n E Yo E WYX AN+ Y, tT NPy~ 18 11 29
7 1 N A3 1 H, ™QNndéu "~ n"My H ~ n A 15 7 22
8 ¢4, U B H L Thnz Wi’ C' B 13 5 18
AAle>B 60 A 8§ 6 14
o | qu ﬁ "QTA 3 2"H Xo i Q K YVA y . T
9 Z- o ewl »n 7 7 14
100 JUH E W N1 2 0o 2
11 & T ~nENY~ VZ A 0 1 1
n Q~ &N

N E R

1i 389l




4 EAIRAZE B SR S 4851 Top 5

(1999 —-2024)

I I O N I TS

Combinations of penicillins, incl. beta-lactamase

1 inhibitors ¥ W : Amoxicillin/Clavulanatey Piperacillin/Tazobactamy

2 First-generation cephalosporins v W : Cephalexiny
Cefazoliny Cefadroxily

3 FIuoroquinoIones?‘W : Levofloxacin, Ciprofloxacin, Moxifloxaciny

4 Combinations of sulfonamides and trimethoprim,
incl. derivatives v W/ : Co-trimoxazoley

5 Third-generation cephalosporins ¥ W : Ceftriaxone,

Ceftazidimey

JO1CR

JO1DB

JOIMA

JO1EE

JO1DD

136

121

118

91

85

1 381

14.66%

13.04%

12.72%

9.81%

9.16%




MEFRMERARVIZARRELRE Top 3

(1999 —2024)

—--m

Stevens Johnson Syndrome

0
T nhz- 1N o 4r.15%
Toxic Epidermal Necrolysis
Skin and subcutaneous tissue disorders 534 «f G)g n (5); SJS/TEN overlap) 147 27.53%
6 uért (78.65%)
Drug reaction with Eosinophilia and Systemic Symptoms 0
Q0 W dnn uni Q 48 8.99%
Other Z~ 84 15.73%
Anaphylactic shock N 33 55 83.33%
Immune system disorders 66 PR 0
g N (9.72%) Drug hypersensitivity "Q 9 13.64%
Other Z~ 2 3.03%
Hepatitis (= 1 )N @ 7 31.82%
Hepatobiliary disorders 22 Hepatic failure (= 1} )N ° 22.13%
N (3.24%) Drug-induced liver injury QA N A 4 18.18%
Other Z~ 6 27.27% 42

1 3811
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