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Survey by IQ CPLG DPM working group:

36 survey questions responded by 16 large-mid size 
Pharma/Biotech companies (Aug-Sept 2021)

CPLG – Clin Pharm Leadership Group; DPM – disease progression modeling 
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Overview of DPM
“Disease progression model” has different representation
 For most companies disease progression include:
 Natural disease history (>90%)
 Placebo response (>90%)
 SoC as background therapy (>80%)

 For some companies disease progression also include:
 PK/PD or E-R of pharmacodynamic effect time course (50%)
 QSP (>40%)
 MBMA, PBPK-PD, TGI modeling (n=1)

Diverse endpoints are used to assess disease progression:
 Clinical endpoints (>90%)
 Pharmacodynamic endpoints (>80%)
 Biomarkers (75%)
 Patient reported outcomes (>30%)
 Pharmacogenomics (n=2)

Broad DPM experience across TAs:
 Neuroscience (~70%)
 Inflammation & Immunology* (>60%)
 Oncology – solid (~60%)
 Metabolic & Endocrine** (>40%)
 Infectious Disease (>40%)
 Oncology – heme (~40%)
 Rare Disease (25%)
 Ophthalmology (n=1)

*rheumatology, transplant, pulmonary, allergy, critical care, GI, liver, dermatology, dentistry
**cardiology, nephrology, non-malignant hematology, diabetes, lipid disorders, obesity, general endocrinology, urology, OB/GYN

Frequency of DPM:

DPM – disease progression modeling; E-R – exposure-response; MBMA – model-based meta-analysis; PBPK – physiologically-based PK; PK/PD – pharmacokinetic/pharmacodynamic; 
QSP – quantitative system pharmacology; SoC – standard of care; TGI – tumor growth inhibition
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Data & Model

 Diverse data source are used for DPM, 
including both individual data and 
aggregated data:
 Internal trial data (all)
 Commercial trial data (>90%)
 Publication (>90%)
 Consortium data (>80%)
 RWE (~70%)
 Observational epidemiological study (>60%)
 FDA & regulatory database (>50%)
 Digital/wearables (>50%)

Most companies do not have defined workflow/best practice for DPM
 Modeling approach include:
 Empirical model (>90%)
 MBMA (>80%)
 Semi-mechanistic model (75%)
 QSP (>50%)
 ML/DL (25%)

DL – deep learning; DPM – disease progression modeling; MBMA – model-based meta-analysis; ML – machine learning; QSP – quantitative system pharmacology
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 Time can be defined in various ways in DPM:
 Start of any treatment (75%)
 Trial start (>40%)
 Since diagnosis (>35%)
 Age (25%)
 Time definition varies in DPM depending on the model application scenario (~70%)

 Multiple approaches for model evaluation:
 Overall diagnostics (all)
 Sub-group diagnostics including all clinically meaningful covariates (~90%)
 Simulation based predictive performance evaluation (75%)
 External validation (~60%)
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Application
Development Stage Application (%)
Pre-IND 19 %
FIH 19 %
Phase Ib 50 %
Phase II 88 %
Phase III 63%
Post-marketing (PMC/PMR, line 
extension, new indication, combo, etc.)

44 %

Demonstrated Impact of DPM

 All used DPM for internal decision making; only 1 used as part of major filing
 Half of the companies have used DPM for lessons learned from negative trials

DPM – disease progression modeling; FIH – first in human; PMC/PMR – post-marketing commitment/requirement

 All use DPM to predict outcome in the same population/indication
 More than half also use it to predict outcome in different population/indication with relevant extrapolation
 >30% have used DPM developed in adults to extrapolate to pediatrics
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DPM Submission to Regulatory Agencies
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Regulatory Considerations

Development Stage of DPM Submission

 MIDD Pilot Program: used by 3/16 companies to discuss DPM
 Milestone regulatory meetings: 5/16 included questions related to DPM development/application

DPM – disease progression modeling; MIDD – model-informed drug development
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 Different disciplines may have their own definition of disease progression
 Functions involved in DPM discussion:
 Clinical Pharmacology/Pharmacometrics (all)
 Biostats (75%)
 Clinical (>60%)
 Regulatory (25%)
 Data Management (25%)
 Preclinical (n=2)
 Biomarker (n=1)
 Epidemiology/RWD/HE (n=1)

 Acceptance level of DPM by projects teams/stakeholders:
 Widely accepted (n=2)
 Accepted by some, but pushbacks by some others (75%)
 Very selective acceptance (n=1)
 Research exploration mainly in Clin Pharm/Pharmacometrics and not yet accepted by others (n=1)

Cross-functional Considerations

DPM – disease progression modeling; HE – health economics; RWD – real world data
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SUCCESS FACTORS PAIN POINTS
Robust Data and Model:

Impactful Application:

Broad Acceptance:

The Key to Success

The most important reason for not implementing 
disease progression modeling as frequently:

 Availability of right data with adequate quality
 Sensitive disease endpoint/surrogate endpoint/biomarker

 Inadequate data or data with too large variability
 Lack of good endpoint/biomarker

 Fit-for-purpose model selection: scientific and practical (eg. data, application, timeline)
 Knowledge of source of variability in disease progression

 Lack of good disease knowledge
 Significant covariates not included in the model

 Cross-functional team buy-in and alignment
 Sharing example and impact showcase are key to foster discussion and acceptance  Lack of impact showcase, especially for regulatory acceptance

 Timely delivery and effective communication/presentation to impact development & 
regulatory decisions

 Data/model not ready in time for decision 
 DPM impact also diminished when decisions were made a priori

 Cross-company consortiums  Non-competitive data and model sharing

 Regulatory directions regarding acceptance and utility of DPM will be significant  Lack of clear regulatory guidance and path
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TA Indication Data Model Drug Development Application Reference
Metabolic & Endocrine OA PhII Empirical Potential: dose selection (2018) https://www.page-meeting.org/default.asp?abstract=8722#
Metabolic & Endocrine obesity PhII & III Empirical Potential: trial design, trial read-out (2018) Sharma VD et al. J Clin Pharmacol. 58(2): 240-53
Metabolic & Endocrine diabetes ADAG study Semi-mechanistic Potential: trial read-out (2013) Lledo-Garcia R et al. J Pharmacokinet Pharmacodyn. 40(2): 129-42
Metabolic & Endocrine diabetes PhI Semi-mechanistic Potential: trial design, mechanistic understanding at trial read-out (2007) Silber HE et al. J Clin Pharmacol. 47(9): 1159-71
Metabolic & Endocrine diabetes PhI & II Semi-mechanistic Potential: model-based approach for early decision making, trial design (2013) Kjellsson MC et al. J Clin Pharmacol. 53(6): 589-600
Metabolic & Endocrine diabetes PhIII Semi-mechanistic Potential: trial design, mechanistic understanding at trial read-out (2006) de Winter W et al. J Pharmacokinet Pharmacodyn. 33(3): 313-43
Metabolic & Endocrine diabetes PhII, literature data Empirical, MBMA PhIII dose selection (2013) Naik H et al. CPT Pharmacometrics Syst Pharmacol. 2(1): e22
Immunology RA PhIIb Empirical PhII read-out (2018) https://acrabstracts.org/abstract/exposure-efficacy-analysis-in-dmard-inadequate-

response-rheumatoid-arthritis-patients-treated-with-gsk3196165-along-with-methotrexate/
Immunology RA PhIIb Empirical PhIII dose selection (2019) M-024 https://isop.memberclicks.net/assets/ACoP10/documents/ 

ACoP10%20Combined%20Abstracts_Monday%2021%20October.pdf
Immunology RA literature database MBMA Dose selection and reduced trial design in new indication (2021) https://www.page-meeting.org/default.asp?abstract=9811
Immunology SLE PhII & III Empirical Potential: trial read-out (2021) ACoP12
Neuroscience Alzheimer ADNI consorsium Empirical Potential: trial read-out (2013) Delor I et al. CPT Pharmacometrics Syst Pharmacol. 2(10): 1-10
Neuroscience Alzheimer PhIII, literature data Empirical PhIII read-out, dosing optimization (2016) https://www.page-meeting.org/default.asp?abstract=5797
Neuroscience MS PhIII Empirical treatment guideline (dosing) in clinical practice (2019) Terranova N et al. Clin Pharmacokinet. 58(3): 325-33
Neuroscience Parkinson consortium database Empirical Potential: trial design (2021, consortium) Ahamadi M et al. Clin Pharmacol Ther. 110(2): 508-18
Neuroscience Parkinson PPMI study Empirical Potential: model-based approach for early decision making, trial design (2021) Sheng Y et al. Br J Clin Pharmacol. 87(9): 3608-18
Oncology Multiple preclinical, PhI/Ib/II/III Empirical Combo selection, model-based approach for early decision making, trial design, 

dose selection, regulatory review/decision for dosing label update 
(2020, Review by cross-organization) 
Bruno R et al. Clin Cancer Res. 26: 1787-95

Oncology NSCLC PhII & III Empirical Potential: model-based approach for early decision making (2018) Claret L et al. Clin Cancer Res. 24: 3292-98
Oncology CRC PhI/II/III Empirical Potential: model-based approach for early decision making, trial design (2021) Vera-Yunca D et al. Br J Clin Pharmacol. Epub
Oncology Multiple 

Myeloma
Flatiron RWD, PhIII from 
YODA open data access

Empirical Potential: model-based approach for early decision making, trial design (2021) https://www.page-meeting.org/default.asp?abstract=9878#

Oncology BC, NSCLC PhIII Empirical 
(multistate)

Potential: model-based approach for early decision making, trial design (2020) Beyer U et al. Biom J. 62(3): 550-567

Oncology BC PhIII Empirical 
(multistate)

Potential: model-based approach for early decision making, trial design (2021) Krishnan SM et al. CPT Pharmacometrics Syst Pharmacol. 10: 1255-66

Oncology Multiple PhII & III ML Potential: model-based approach for early decision making, trial design (2021) PT21-007 https://ascpt.onlinelibrary.wiley.com/doi/10.1002/cpt.2167
Oncology NSCLC PhII & III ML Potential: model-based approach for early decision making, trial design (2021) Chan P et al. CPT Pharmacometrics Syst Pharmacol. 10: 59-66
Oncology CRC PhI/II/III ML Potential: model-based approach for early decision making, trial design (2020) Vera-Yunca D et al. AAPS J. 22(3): 58
Ophthalmology nAMD PhII & III Empirical PhII read-out, TRT effect assessment (2019) https://iovs.arvojournals.org/article.aspx?articleid=2746836
Ophthalmology GA PhIII Empirical Potential: predict DP based on early data, TRT effect assessment at trial read-out (2019) https://www.page-meeting.org/default.asp?abstract=9184
Ophthalmology GA PhIII ML/DL Potential: predict DP based on early data, TRT effect assessment at trial read-out (2021) https://www.page-meeting.org/default.asp?abstract=9624               

(2021) https://www.page-meeting.org/default.asp?abstract=9683

28 Case Examples

DL – deep learning; DP – disease progression; MBMA – model-based meta-analysis; ML – machine learning; TRT – treatment
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Case Examples
Neuroscience (Parkinson) Immunology (RA, axSpA)

A Model Based Meta-Analysis for Bridging Treatment Doses of 
Rheumatoid Arthritis with Axial Spondyloarthritis
Monica Simeoni1, Jaap Mandema2, Stefano Zamuner1, Anubha Gupta1

ACR20 (RA)
ASAS20 (axSpA)

Consortium

MBMA

axSpA – Axial Spondyloarthritis, MBMA – model-based meta-analysis; RA – Rheumatoid Arthritis
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Case Examples
Metabolic (obesity) Metabolic (diabetes)

Dropout

Mechanistic
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Oncology Oncology (MM)

Review of 
Case Studies

RWD

Case Examples
A Disease Model for Multiple Myeloma 
Developed Using Real World Data
Chanu P, Wang N, Li Z, Chen C, Samineni D, Susilo M, Ogbu U, Williamson M, 
Marchand M, Li C, Bruno R.

Oncology (CRC)

ML; Individual Tumor Lesion (iTL)

Cross-correlation Coefficient 
(CC) value
Above 0.35
Below 0.35

External 
Validation

CRC – colorectal cancer; ML – machine learning; MM – Multiple Myeloma; RWD – real world data
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Current Status and Call for Action

DPM has been developed using various data and modeling 
approaches in many TAs and applied at all development stages, but 
the science is still evolving and successful impact is not certain

Clear DPM definition and aligned best practice for 
convincing cross-functional and regulatory communication

Easy access to relevant and high quality data for 
model development/validation is critical and is still limited

Making more disease specific datasets and models available 
(especially for placebo and SoC) to ensure timely impact

Consortiums exist for only a few TAs/indications 
and are generally slow moving

Timely collaborations, consortiums, shared learning are critical, 
and could be facilitated by regulatory agency 

Details are lacking in some DPM publications for full reproducibility, 
and publication of successful impact examples are currently limited

More publications of reproducible models as well as 
case examples with demonstrated drug development and/or 

regulatory decision-making impact are needed

Lack of clear regulatory guidance and path for DPM, 
and regulatory submissions are limited

More presentation/publication and data/model sharing 
by regulatory agency on DPM to enhance acceptability and impact 

for regulatory application and decision-making 

CPLG – Clinical Pharmacology Leadership Group; DPM – disease progression modeling; SoC – standard of care; TA – therapeutic area

IQ CPLG DPM Working Group
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