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Abstract: Antibody drug conjugates (ADC) have emerged as a cutting-edge technology in anti-tumor treatment,
making significant strides in recent years. ADC couple a highly active small molecule toxin payload to highly
specific antibodies through a linker, enabling precise targeting of tumor cells while reducing systemic toxicity,
thereby expanding the therapeutic window. However, due to the complexity of ADC molecule design, its efficacy
and safety are influenced by various factors. Model-informed drug development (MIDD) is a powerful tool that
utilizes various mathematical models for modeling and simulation to conduct quantitative analysis, guiding drug
development and decision-making. By integrating multi-faceted data and information using mathematical models,
it is possible to gain insights into the complex mechanisms, pharmacokinetics, and pharmacodynamics of ADC,
providing unique perspectives for optimizing ADC development processes and clinical translation decisions. This
review will introduce the basic concepts of MIDD and ADC and discuss application cases of MIDD in different
stages of ADC development, aiming to provide beneficial references for the advancement of ADC.
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(modeling and simulation, M&S) #{ R #& & 4= B 2% . 2
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PRI, I Re A AR SR R, FRAR 20T R R I ) R
(&89, A 1] B4 ¢4 MIDD Al ADC [ 36 A% 5, I
43 H MIDD 7E ADC Wt & A~ [F] B B 3 241, B E N
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T2 R R R PR SR 1 R AT O V. I AEOR, BE A X

List of approved of antibody drug conjugates (ADC). HER2: Human epidermal growth factor receptor 2; Trop-2: Tumor

associated antigen 2; BCMA: B-cell maturation antigen; EGFR: Epidermal growth factor receptor; MMAE: Monomethyl muristatin E;

PE38: Pseudomonas exotoxin; Dxd: Deruxtecan; PBD: Pyrrolobenzodiazepine; DM: Dexamethasone methylation

Trade First o Target .
Drug name Indication . Payload Linker
name  approved antigen

Gemtuzumab Mylotarg 2000  CD33-positive acute myeloid CD33 Calicheamicins Cleavable linker acid-labile
ozogamicin leukemia hydrazone
Brentuximab Adcetris 2001  CD30-positive Hodgkin lymphoma  CD30 MMAE Cleavable linker maleimidocapmyl
vedotin and relapsed systemic anaplastic valine citrulline

large cell lymphoma
Trastuzumab Kadcyla 2013  HER2-positive metastatic breast HER2 DM1 Non-cleavable linker based
emtansine cancer thioether
Inotuzumab Besponsa 2017  Relapsed or refractory B-cell acute CD22 Calicheamicins Cleavable linker acid-labile
o0zogamicin lymphoblastic leukemia hydrazone
Moxetumomab Lumoxiti 2018  Relapsed or refractory hairy cell CD22 PE38 Cleavable linker mc-ve-PABC
pasudotox leukemia
Polatuzumab Polivy 2019  Relapsed or refractory diffuse large ~ CD79B  MMAE Cleavable linker maleimidocapmyl
vedotin B-cell lymphoma valine citrulline
Enfortumab Padcev 2019  Locally advanced or metastatic Nectin-4 MMAE Cleavable linker maleimidocapmyl
vedotin urothelial cancer valine citrulline
Trastuzumab Enhertu 2019  Unresectable or metastatic HER2- HER2 Dxd Cleavable linker based tetrapeptide
deruxtecan positive breast cancer
Sacituzumab Trodelvy 2020  Triple-negative breast cancer with Trop-2 SN38 Cleavable carbonate linker
govitecan relapsed or refractory metastatic

disease
Belantamab Blenrep 2020  Relapsed or refractory multiple BCMA  MMAF Non-cleavable linker
mafodotin myeloma maleimidocapryl
Cetuximab Akalux 2020  Unresectable locally advanced or EGFR IRDye700DX  Non-cleavable linker
sarotalocansodium recurrent head and neck cancer
Loncastuximab Zynlonta 2021  Relapsed or refractory large B-cell CD19 PBD Cleavable linker valine-alanine
tesirine lymphoma
Disitamab vedotin ~ Aidixi 2021  The integration of a stomach/stomach HER?2 MMAE Cleavable linker MC-Val-Cit-PAB

esophagus adenocarcinoma, breast

cancer, urothelial carcinoma
Tisotumab vedotin  Tivdak 2021  Recurrent or metastatic cervical Tissue MMAE Cleavable linker valine-citrulline

cancer factor
Mirvetuximab Elahere 2022  FRa-positive platinum-resistant FRa DM4 Cleavable disulfide bond linker

soravtansine

ovarian cancer
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2£/%§ 3 % (pharmacokinetics/pharmacodynamics, PK/
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Figure 1 A quantitative framework flow of "Learn and Confirm Cycle". Image adapted with permission from reference'*. Copyright ©

John Wiley and Sons Ltd.
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Figure 2 Mechanism action of antibody drug conjugates. FcRn: Neonatal Fc receptor
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Figure 3 Schematic overview of model informed drug development approaches of ADC. MIDD: Model informed drug development

Table 2 List of prominent models for ADC. PK: Pharmacokinetics; PD: Pharmacodynamics; Pop-PK: Population pharmacokinetics; E-R:
Exposure-response; PBPK: Physiologically based pharmacokinetic; QSP: Quantitative systems pharmacology; IVIVC: In vitro-in vivo corre-
lation; DDI: Drug-drug interaction; MMAF: Monomethyl auristatin F; STEAP1: Six-transmembrane epithelial antigen of the prostate

Model ADC-modeled Data source ~ Reference

Bench to bedside translation of ADC using a multiscale mechanistic PK/PD model: a case Brentuximab-vedotin  In vitro/in [26]

study with brentuximab-vedotin vivo/clinical

On translation of ADC efficacy from mouse experimental tumors to the clinic: a PK/PD T-DM1 and 5T4-mc-  In vivo/clinical [27]

approach MMAF

A priori prediction of tumor payload concentrations: preclinical case study with an auristatin-  5T4-mc-MMAF In vitro/in vivo [28]

based anti-5T4 ADC

A mechanistic PK model elucidating the disposition of T-DM1, an ADC for treatment of T-DM1 In vivo [29]

metastatic breast cancer

Mechanistic PK/PD modeling of in vivo tumor uptake, catabolism, and tumor response of T-DM1 and T-SPP- In vitro/in vivo [30]

trastuzumab maytansinoid conjugates DM1

A mechanistic tumor penetration model to guide ADC design General ADC In vitro/in vivo [31]

PBPK modeling as a tool to predict drug interactions for ADC ADC based vc- In vivo/clinical [32]
MMAE

Determination of cellular processing rates for a trastuzumab-maytansinoid ADC highlights key Trastuzumab- In vitro [33]

parameters for ADC design maytansinoid

Evolution of ADC tumor disposition model to predict preclinical tumor PKs of T-DM 1 T-DM1 In vitro/in vivo [34]

Preclinical to clinical translation of ADCs using PK-PD modeling: a retrospective analysis of ~ Inotuzumab In vitrolin vivo/ [35]

inotuzumab ozogamicin 0zogamicin clinical

Multiscale modeling of ADCs: connecting tissue and cellular distribution to whole animal PKs T-DM1 In vitrolin vivo [36]

and potential implications for efficacy

Quantitative characterization of in vitro bystander effect of ADC Trastuzumab-vc- In vitro [37]
MMAE

Development and translational application of an integrated, mechanistic model of ADC PKs anti-STEAP1-vc- In vitro/in vivo/ [38]

MMAE clinical
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Model ADC-modeled Data source  Reference
Application of a PK/PD modeling and simulation-based strategy for clinical translation of T-DM1 In vivo/clinical [39]
ADCs: a case study T-DM 1
A mechanism-based PK/PD model for hematological toxicities induced by ADCs Brentuximab vedotin  In vivo [40]
and T-DM1
Pop-PK of brentuximab vedotin in patients with CD30-expressing hematologic malignancies ~ Brentuximab vedotin  Clinical [41]
Measurement and mathematical characterization of cell-level PKs of ADCs: a case study with ~ Trastuzumab-vc- In vivo [42]
trastuzumab-ve-MMAE MMAE
Platform model describing PK properties of ve-MMAE ADC ADC based vc- Clinical [43]
MMAE
Development of a translational PBPK model for ADC: a case study with T-DM1 T-DM1 In vitrolin vivol [44]
clinical
Computational transport analysis of ADC bystander effects and payload tumoral distribution: ~ Trastuzumab-vc- In vitrolin vivo [45]
implications for therapy MMAE and T-DM 1
Establishing IVIVC for ADC efficacy: a PK/PD modeling approach 19 different ADCs In vitro/in vivo [46]
A "dual" cell-level systems PK-PD model to characterize the bystander effect of ADC Trastuzumab-vc- In vitro [47]
MMAE
A cell-level systems PK/PD model to characterize in vivo efficacy of ADCs Trastuzumab-vc- In vitro/in vivo [48]
MMAE
PK/PD modeling to support the re-approval of gemtuzumab ozogamicin Gemtuzumab Clinical [49]
ozogamicin
Antibody coadministration as a strategy to overcome binding-site barrier for ADCs: a Trastuzumab-vc- In vitrolin vivo [50]
quantitative investigation MMAE and T-DM1
An agent-based systems pharmacology model of the ADC kadcyla to predict efficacy of T-DM1 In vitrolin vivo [51]
different dosing regimens
Evaluation of quantitative relationship between target expression and ADC exposure inside Trastuzumab-vc- In vitro [52]
cancer cells MMAE
PBPK model-informed drug development for polatuzumab vedotin: label for DDI without Polatuzumab vedotin  In vitro/in vivo/ [53]
dedicated clinical trials clinical
Pop-PK of brentuximab vedotin in adult and pediatric patients with relapsed/refractory Brentuximab vedotin  Clinical [54]
hematologic malignancies: model-informed hypothesis generation for pediatric dosing regimens
Evolution of the systems PK-PD model for ADCs to characterize tumor heterogeneity and Trastuzumab-vc- In vitro/in vivo [55]
in vivo bystander effect MMAE
Mechanistic modeling of intra-tumor spatial distribution of ADC: insights into dosing strategies General ADC In vivo/clinical [56]
in oncology
Pop-PK of trastuzumab deruxtecan in patients with HER2-positive breast cancer and other T-Dxd Clinical [57]
solid tumors
E-R relationships in patients with HER2-positive metastatic breast cancer and other solid T-Dxd Clinical [58]
tumors treated with trastuzumab deruxtecan
Pop-PK of belantamab mafodotin, a BCMA-targeting agent in patients with relapsed/refractory Belantamab mafodotin Clinical [59]
multiple myeloma
Simulating the selection of resistant cells with bystander killing and antibody co-administration Trastuzumab-vc- In vitro/in vivo [60]
in heterogeneous HER2-positive tumors MMAE and T-DM 1
Towards a platform QSP model for preclinical to clinical translation of ADCs T-DMland T-Dxd In vitro/in vivo/ [61]
clinical
PK and PD of ADC administered via subcutaneous and intratumoral routes Trastuzumab-vc- In vivo [62]
MMAE
Pop-PK of patritumab deruxtecan in patients with solid tumors Patritumab deruxtecan Clinical [63]
Development of a generalized PK model to characterize clinical PK of MMAE-based ADCs MMAE based ADC [ vivo/clinical [64]
Quantitative evaluation of trastuzumab deruxtecan PK and PD in mouse models of varying T-DXd In vitrolin vivo/ [65]
degrees of HER2 expression clinical
Optimizing solid tumor treatment with ADC using agent-based modeling: considering the role  T-DM1 and T-Dxd In vitro/in vivo [66]

of a carrier dose and payload class

i3 PK/PD HE A EL A T 3 b AS 7] 34 4% 1 (K] ADC £ i
T8 A /NGy 1 B B R S R 25 285 T (K 22 S . A
SRR, T AR 2 F /N oy 18 3R R URE

P, BTN R BRI T-SPP-DM 1 bb 2% 82 1 S i Bk gk
) trastuzumab emtansine (T-DM1) 7] §¢ F. A F YL/
53T B R B UREYE, X 0 B8 T 2UMR P A B B )
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TS
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20 0 SR R S I TR B o R AR A [ AR BE Y AR
I % . 76 % %X ADC ) DDI i) 75 2% fe K7 F Hifk
KN FERAYMMAITAEN. B8 ADC 5Lk ER
43 5 4 i €4 5 P450 [F] g (CYP450) (19 G BRELD, (2
LR A 7 0 b B B /D 23 - B 3, W0 monomethyl
muristatin E (MMAE) W] B8 > # CYP i % iz & [ Q)
FHEME . B 7T B9, MMAE BX /& CYP3A Hil P-H 2
MR, & CYP3A I . RAETEH PR A 1)
MMAE 7K~V 8IS, 5 i -2 BA i AR 2 22 B 1Y
FetE, H DDIs Ay A] G id i<t U 15 8 B0 BRig i K A .
I, PEAS 50 B /N5 7 B F YA G DDLIE 742 X
FF ADC I PRIT &% 1) B B2 XU BG: P %8 - Chen 25021 il



A BRG] ) 2590 TT FAE T AR IR 2459 Uk 14 137 11 - 295 -

Input
‘Cell-level PK
b ‘Receptor/ADC/payload
data related parameters
Model Cellular disposition

Prediction of the
internalization, degradation
Output and payload release in a

simulation target tumor cell

In vitro

*Mouse PK profiles for
key analytes & tumor
penetration
‘Monkey PK

1
1
1
1
1
1
1
1
1
1
1
1
1
Compartmental 1
tumor disposition 1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

Prediction of ADC
different analytes in
plasma and tumor

‘Human PK profiles for
key analytes
-Tumor volume and
growth rates

Translation from
preclinical models via
allometrically-scaling

Prediction of clinical PK
and outcomes (PFS) at
different dosing regimens

In vivo Clinical

Figure 4 ADC clinical translational modeling and simulation strategy. PFS: Progression free survival

i+ PBPK #5704 %5} & 45 ve-MMAE ¥ ADC 347 DDI Tl
Pl ZBAAEACH Ll R R L R R AR
75 ¥, R CD22-ve-MMAE H Il 7S BT AT PR B4 i3k
TR, FEHIAE =S H0G, 7l brentuximab vedotin
1) PK # MMAE [ % % &, Jf ¥ H 5 brentuximab
vedotin (11 AR K56 PK 1 MMAE % 55 & 3ET LU A58
UE o B J5 18 i 56 A0E 455 7 $51 brentuximab vedotin 5 K
IE WL (CYP3A K A) B FE M (CYP3A il 7)) A1 F]
¥ 7 (CYP3A % 3 7)) Z 8] (¥ DDI, 3 AUC J 2454
KR FE 45 F 1) 5115 PR DDIF e B B2 . W 78 R
W, % T BA AR ENE R T (ve) MARFEHI/N 7 THRER
(MMAE) [¥] ADC, JG i B2 58 [ HU 44 358 23 (19 15 v 4]
HPK S AFEZE AL . Samineni Z55353E — B 04k 7 ik
PBPK & %Y, JF mi b f H B H T #il 3 polatuzumab
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