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What is FTD?

Frontotemporal dementia is a fatal 
neurodegenerative disease that is as common as 
AD in those under age 65. 

• Behavior/personality: 

• Behavioral Variant FTD (bvFTD)

• Language:

• Semantic (svPPA) and Nonfluent Variants (nfvPPA) of 
Primary Progressive Aphasia 

• Motor: 

• Progressive Supranuclear Palsy Syndrome (PSP-S) & 
Corticobasal Syndrome (CBS)

• FTD-ALS 

FTLD: several pathological entities that produce 
varied clinical phenotypes (FTD)
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Familial FTLD

10-40% of cases are familial 

• Mostly commonly bvFTD but range of clinical 

presentations

• Autosomal dominant with high penetrance 

• Most caused by 3 genes: MAPT, GRN, and 

C9orf72

• Early age of onset 

• GRN: 61

• MAPT: 50

• C9orf72: 58

Coyle-Gilchrist, 2016 Neurology; Rohrer, 2009 Neurology; Moore et al., 2020 Lancet Neuro
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Importance of FTLD clinical trials

• No approved disease modifying therapies and minimal 
symptomatic treatments

• Relevant to sporadic diseases of tau and TDP-43 

• Example: Alzheimer’s disease, ALS, LATE

• Younger age = less frequent co-pathology

• Rapid progression = shorter duration trials

Boxer, 2013 Alz & Dem; Boxer, 2017 Lancet Neuro; Staffaroni, 2019 Brain
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The interest in FTLD 
therapeutics has rapidly 
expanded, but enrollment 
challenges remain.

Table 2: Potential Therapeutics in FTLD 
 Mechanism Indication Phase ClinicalTrials.gov 

Identifier 

Status 

Potential therapies for C9ORF72 Expansion 

BIIB078 ASO ALS-C9ORF72 1 NCT03626012 ongoing 

Potential therapies for GRN Haploinsufficiency 

Nimodipine Calcium channel 
blocker 

FTLD-GRN 1 NCT01835665 negative95 

FRM-0334 HDAC inhibitor FTLD-GRN 2 NCT02149160 negative 

AL001 Anti Sortilin Antibody FTLD-GRN 1/2 NCT03987295 ongoing 

PR006 AVV9-based gene 
therapy 

FTLD-GRN   pending 

Potential Therapies for FTLD-tau 

ABBV-8E12 
(C2N-8E12) 

Anti-tau antibody 
(N-terminus) 

PSP 2 NCT03413319 negative 

BIIB092 

(BMS-986168) 

Anti-tau antibody 

(N-terminus) 

PSP 2 NCT03068468 

 

negative 

CBD, nfvPPA, 
TES, MAPT 

1 NCT03658135 terminated 

LY3303560 Anti-tau antibody 

(N-terminus) 

AD 2 NCT03518073 active 

RO 7105705 

(RG 6100) 

Anti-tau antibody 

(N-terminus) 

AD 2 NCT03289143 active 

UCB0107 Anti-tau antibody 
(Mid domain) 

PSP 1 NCT04185415 active 

JNJ-63733657 Anti-tau antibody 

(Mid domain) 

AD 1 NCT03375697 unavailable 

BIIB076 Anti-tau antibody 
(Monomer & 

filament) 

AD 1 NCT03056729 active 

AADvac1 Tau vaccine nfvPPA 1 NCT03174886 active 

ACI-35 Tau vaccine AD 1  unavailable 

Davunetide Microtubule 

Stabilizations 

PSP 2/3 NCT01110720 negative101 

TPI-287 Microtubule 
Stabilizations 

AD, PSP, CBD I NCT01966666, 
NCT02133846 

negative102 

ASN001 o-GlcNACase 
inhibitor 

- 1 - - 

Salsalate Tau acetylation 

inhibition 

PSP 1 NCT02422485 negative  

TRx0237 
(LMTx) 

Tau aggregation 
inhibition 

bvFTD 3 NCT03446001 negative 

AZP2006 Tau aggregation 
inhibition 

PSP 2 NCT04008355 active 

Lithium 

Carbonate 

Glycogen synthase  

 kinase inhibitor 

bvFTD 2 NCT02862210  

Ljubenkov & Boxer, 2021 Adv Exp Med Biol

• Rare disease

• Heterogenous phenotypes

• Short disease duration

• Variable age of onset
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Company Phase 1 Phase 2 Phase 3 Status

Six companies are currently testing experimental drugs for FTD-GRN

Enrollment closed

Enrollment ongoing

Enrollment ongoing

APPROVAL
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v
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w
Enrollment ongoing

Enrollment ongoing

Enrollment ongoing 

(Europe only)
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Slide courtesy of Laura Mitic, Bluefield Project
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The 

African 

FTD 

Consorti

um

FTD Prevention Initiative (FPI)

https://thefpi.org

Effort spearheaded 

by Drs. Adam Boxer 

and Jonathan Rohrer 

to uniform clinical 

trial standards in f-
FTLD and develop a 

harmonized MDS 

(PIs: Hesse & 

Staffaroni)
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Online FPI Cohort Tool & Harmonized 
Minimum Dataset (MDS)

FPI-MDS includes:

• > 250 clinical variables

• Records from 1649 

participants with 4641 

visits.

• info@thefpi.org

mailto:info@thefpi.org
mailto:info@thefpi.org
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Disease Progression Model (DPM) 

• Mathematical function that 
captures individual disease 
evolution in terms of biomarkers 
and/or clinical measures

• Used to plan efficient trials in rare 
diseases

• Tool for analyzing the effects of 
interventions causing deviations 
from expected disease progression

Clincial Disease Progression
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Qu

GNE Myopathy

Rare genetic muscle 

disease w/ slowly 

progressive muscle 

weakness & atrophy

Dom. Inherited 
Alzheimer’s 

Rare genetic form of 
Alzheimer’s

Examples of  DPMs in Rare Genetic Disease

FTD

Quintana et al., 2019 Wang et al., 2018
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DA Based 
Targeted 

enrollment   

• Enroll pre-symptomatic 
participants likely to 
progress

DA 
Based 

Analysis 
Tool 

• Account for DA to reduce 
unexplained variability in 
progression rates

• Estimate slowing in 
disease progression due 
to a treatment across 
multiple endpoints

fFTD DPM:

Estimate 

progression as 

a function of 

disease age 

(DA)

Uses of DPM in 

clinical trial design



FPI DPM Methods

▪ Harmonized clinical endpoints & 
biomarkers in ALLFTD & GENFI
– Disease severity (CDR® + NACC FTLD 

SB)

– Cognitive testing (UDS)

– Neurofilament Light Chain (NfL) 

– Brain MRI

▪ Jointly modeled all endpoints to estimate 
latent “disease age” 
– Bayesian latent mixed effects model

– Prior: clinicial estimates age of onset or 
chronological age

– Years since clinical onset



Characteristic

All 

Carriers C9orf72+ GRN+ MAPT+

Non-

Carriers
Sample Size 796 347 281 168 412

Visits (total number) 2.1 2.0 2.1 2.5 2.2 

Total number of observations 1,695 690 592 413 910

Publication sample
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Staffaroni et al., 2022 Nature Medicine
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Staffaroni et al., 2022 Nature Medicine



Temporal dynamics differ by genetic group

Staffaroni et al., 2022 Nature Medicine
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Characteristic

All 

Carriers C9orf72+ GRN+ MAPT+

Non-

Carrier

s
Sample Size 1,018 486 322 210 505

Visits (total number) 2.4 2.2 2.4 2.8 2.5

Total number of observations 2,417 1,060 763 594 1290

• Fit a change point model instead of decay function

• Retained neuropsychological tests, volumetric MRI, and plasma NfL

• Harmonized quantified neurological exam to create FTLD-CDR + Motor

• Added plasma GFAP 

• Built capacity to test modifiers of progression: e.g.,TMEM106B

Updated Methods & Sample
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TMEM106B modifies disease progression
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DA Based 
Targeted 

enrollment   

• Enroll pre-symptomatic 
participants likely to 
progress

DA 
Based 

Analysis 
Tool 

• Estimate slowing in 
disease progression due 
to a treatment across 
multiple endpoints

• Account for DA to reduce 
unexplained variability in 
progression rates

fFTD DPM:

Estimate 

progression as 

a function of 

disease age 

(DA)

Uses of DPM in 

clinical trial design



25
Years Since Onset (Disease Age)
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• Use predicted Disease Age 
for optimal clinical trial 
enrollment

• Enroll too early – No power 

• Enroll too late – Treatment 
may not be effective

• Enroll an earlier patient 
population that will likely 
progress and benefit

Disease Age based enrollment for f-FTLD 
trials
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DA Estimation Algorithm

Progression curves for multiple 
endpoints from FTD DPM 

Observed Baseline 

values

Baseline Information Participant 1

Mutation C9

Global CDR 0

FTD-CDRSB+m 0

MRI Temp 0 SD from control 

MRI Front 1 SD from control 

MRI Thalmus .5 SD from control

NFL (log) 2.5 SD from control



Disease age validation for individual 

patients ROC Prediction of 

Converters



Disease age-based targeted enrollment

• Using disease age as an enrollment criterion substantially reduces sample sizes for clinical trials
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Conclusions

• Recruitment challenges are a major bottleneck to identifying an 
effective treatment for f-FTLD. 

• Disease progression models are a powerful tool for addressing 
barriers to clinical trials in f-FTLD

• Models will need to include global samples to ensure 
applicability across cohorts

• Other directions include endpoint development and use of 
digital health technologies for higher enrollment and more 
frequent remote monitoring
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Endpoint Selection in Progressive 
Diseases and Considerations for 
Clinical Trials: A Case Study from 

NeuroNEXT



NeuroNEXT

Network for Excellence in Neuroscience Clinical Trials:
Designed to conduct studies in neurological diseases through partnerships 
with academia, private foundations, and industry to:

• Test promising new therapies

• Increase efficiency of clinical trials

• Respond quickly as new opportunities arise to test promising 
treatments in neurological diseases



NeuroNEXT

Since the inception of NeuroNEXT in 2011, the Network has received 184 
proposals from 90 different institutions/companies covering 65 different 
diseases!

• Majority of proposals to date involve phase 2 clinical trials



NeuroNEXT

A priori specified & justified “go”/”no go” criteria important

• Screen out ineffective treatments

• Determine if new treatment is sufficiently promising to justify inclusion 

in large-scale randomized trials

• Without specified a priori criteria, investigators may subjectively 

highlight positive “trends” – could be real effect of “chance” finding

• A design that meets “go” criteria if any of multiple endpoints show hint 

of effect will almost always “go” forward – even if treatment does not 

work



NeuroNEXT

Completed Phase 2 Clinical Trials

• NN102 Ibudilast in Progressive Multiple Sclerosis

• NN103 Rituximab in Myasthenia Gravis

• NN104 3K3A-APC in Acute Stroke

• NN105 SRX246 for Irritability in Huntington’s Disease

• NN107 AFQ056 for Language Learning in Fragile X 

Syndrome

• NN108 Topiramate for Cryptogenic Sensory Peripheral 

Neuropathy

• NN110 Light Therapy for Parkinson’s Disease



NeuroNEXT

Phase 2?? --- Or Phase 3 in Disguise!!



GNE Myopathy

• Rare, progressive muscle disease caused by mutations in the GNE 

gene, leading to a deficiency in sialic acid production

• Typically characterized by bilateral foot drop and other muscle 

weakness

• Often appears in early adulthood

• Condition progresses slowly – eventually affecting muscles 

throughout the body (though the quadriceps are often spared)

• Estimated prevalence: 6/1,000,000



GNE Myopathy Disease Progression Model

• Statistics in Medicine. 2018;1–16. https://doi.org/10.1002/sim.8050

https://doi.org/10.1002/sim.8050


GNE Myopathy Disease Progression Model

Simultaneously model percent strength of Quantitative Muscle 

Assessment (SMA) for each of 6 primary muscles

• Ankle Dorsiflexion

• Knee Flexion

• Knee Extension

• Hand Grip

• Elbow Flexion

• Shoulder Abduction

Muscle strength expressed as a proportion of participant’s predicted 

normal values for their sex, age, and body mass index



GNE Myopathy Disease Progression Model

Estimate “Disease Age” for each subject based on 6 muscle 

scores

• Assume disease age is defined as 0 when the proportion of knee 

flexion strength is 0.50

• Estimate timing and rate of decline for each muscle under natural 

progression / placebo



GNE Myopathy Disease Progression Model



GNE Myopathy Disease Progression Model



• Treatment Effect: Constant % slowing in the rate of decline across 

all muscles under treatment compared to the rate of decline in 

placebos

• Alternative Interpretation: Slowing in number of years it will take 
to reach milestones incorporates treatment effect parameter (γ) that 

measures proportional change in rate of decline jointly across all 

muscle groups
▪ Example: 50% slowing in rate of decline = Will take participant twice as many 

years to reach milestone under treatment

GNE Myopathy Disease Progression Model



• Model incorporates treatment effect parameter (γ) that measures 

proportional change in rate of decline jointly across all muscle groups
▪ γ = 1 → Effect of treatment same as placebo

▪ γ < 1 → Treatment slows disease progression

▪ Γ = 0 → Treatment has stopped progression

GNE Myopathy Disease Progression Model



NN109 – MAGINE Study

A Randomized, Double-Blind, Placebo-Controlled, Multi-Center Study to Evaluate the 
Efficacy of ManNAc in Subjects with GNE Myopathy

PIs: Anthony Amato (Brigham & Women’s); Francis Rossigni (NIH)

Primary Objective:

To evaluate efficacy of ManNAc in subjects with GNE myopathy as 
measured by ability of ManNAc to slow progression of muscle strength 

decline compared to placebo.



NN109 – MAGINE Study

Design and Power:

• N = 50 Enrolled; 2:1 Treatment vs. Control

• Follow all participants for a minimum of two years

• Assume 10% annual rate of LTFU

• Treatment effects: 0% (Null) vs. 40-50% slowing in progression

% Reduction Power

50% 0.892

45% 0.817

40% 0.715

0% 0.011



NN109 – MAGINE Study

At least 96 patients are needed to detect a 50% reduction with other
potential primary endpoints  – and power is reduced to 80%



NN109 – MAGINE Study

Enrollment Completed: May 2023

• Final Consented: 68

• Final Randomized: 54

• Follow-up to continue through

Q3 2025

• Close out activities to continue
through Q4 2025



Modeling Informative Censoring in 
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Overview

• Motivation
• What does regulatory guidance say about informative censoring?

• Methods
• Joint model framework for handling informative censoring in a 

repeated measures analysis

• Application 
• REMAP-ILD trial planning with joint model primary analysis
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Regulatory Guidance for 
Informative Censoring



Regulatory Guidance for Informative Censoring

Food and Drug Administration. "Guidance for sponsors, clinical investigators, and IRBs: Data retention when subjects withdraw from FDA-regulated clinical trials." Rockville, MD. Available online at: 

https://www. fda. gov/regulatory-information/search-fda-guidance-documents/dataretention-when-subjects-withdraw-fda-regulated-clinical-trials(accessed June 19, 2019) (2008).



Food and Drug Administration. "Guidance for sponsors, clinical investigators, and IRBs: Data retention when subjects withdraw from FDA-regulated clinical trials." Rockville, MD. Available online at: 

https://www. fda. gov/regulatory-information/search-fda-guidance-documents/dataretention-when-subjects-withdraw-fda-regulated-clinical-trials(accessed June 19, 2019) (2008).

Regulatory Guidance for Informative Censoring



Food and Drug Administration. "Guidance for sponsors, clinical investigators, and IRBs: Data retention when subjects withdraw from FDA-regulated clinical trials." Rockville, MD. Available online at: 

https://www. fda. gov/regulatory-information/search-fda-guidance-documents/dataretention-when-subjects-withdraw-fda-regulated-clinical-trials(accessed June 19, 2019) (2008).

Regulatory Guidance for Informative Censoring



Regulatory Guidance for Informative Censoring

European Medicines Agency. Guideline on Missing Data in Confirmatory Clinical Trials. Rev. 1, 20 Sept. 2010, www.ema.europa.eu/en/documents/scientific-guideline/guideline-missing-data-

confirmatory-clinical-trials_en.pdf.

http://www.ema.europa.eu/en/documents/scientific-guideline/guideline-missing-data-confirmatory-clinical-trials_en.pdf
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Regulatory Guidance for Informative Censoring

European Medicines Agency. Guideline on Missing Data in Confirmatory Clinical Trials. Rev. 1, 20 Sept. 2010, www.ema.europa.eu/en/documents/scientific-guideline/guideline-missing-data-

confirmatory-clinical-trials_en.pdf.

http://www.ema.europa.eu/en/documents/scientific-guideline/guideline-missing-data-confirmatory-clinical-trials_en.pdf
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Joint Models of Repeated 
Measures and Time-to-Event 
Outcomes
Conventional methods vs joint models (with shared parameters)
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• Random coefficient models:

• 𝑝 𝑦𝑖; 𝜽 = ∫ 𝑝 𝑦𝑖 𝒃𝒊, 𝜽 𝑝 𝒃𝒊; 𝜽 𝑑𝒃𝒊

Random Effects

Conventional Methods

Outcome
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• MMRM models:
• 𝑝 𝑦𝑖; 𝜽 = 𝑝 𝑦𝑖 𝜽, 𝚺

Outcome Correlation Structure

Conventional Methods
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• Notice: data missingness label, 𝑚𝑖 not modeled!
• Both assume 𝑚𝑖 is “ignorable”

Conventional Methods
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• Joint Model with shared parameters:

• 𝑝 𝑦𝑖 , 𝑚𝑖; 𝜽 = ∫ 𝑝 𝑦𝑖 𝒃𝒊, 𝜽 𝑝 𝑚𝑖 𝒃𝒊, 𝜽 𝑝 𝒃𝒊; 𝜽 𝑑𝒃𝒊

Outcome Data Missingness Random Effects

Rizopoulos, Dimitris. Joint models for longitudinal and time-to-event data: With applications 

in R. CRC press, 2012.

Joint Model Framework



18
Rizopoulos, Dimitris. Joint models for longitudinal and time-to-event data: With applications 

in R. CRC press, 2012.

Joint Model Framework

• Joint Model with shared parameters:

• 𝑝 𝑦𝑖 , 𝑚𝑖; 𝜽 = ∫ 𝑝 𝑦𝑖 𝒃𝒊, 𝜽 𝑝 𝑚𝑖 𝒃𝒊, 𝜽 𝑝 𝒃𝒊; 𝜽 𝑑𝒃𝒊

Shared random effects

Shared fixed effects
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• Joint Model with shared parameters:

• 𝑝 𝑦𝑖 , 𝑚𝑖; 𝜽 = ∫ 𝑝 𝑦𝑖 𝒃𝒊, 𝜽 𝑝 𝑚𝑖 𝒃𝒊, 𝜽 𝑝 𝒃𝒊; 𝜽 𝑑𝒃𝒊

• Explicitly models the missingness mechanism driving 𝒎𝒊

• Does not assume missing data are “ignorable”

Rizopoulos, Dimitris. Joint models for longitudinal and time-to-event data: With applications 

in R. CRC press, 2012.

Shared random effects

Shared fixed effects

Joint Model Framework
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• Joint model:

• 𝑝 𝑦𝑖 , 𝑚𝑖; 𝜽 = 𝑝 𝑦𝑖 , 𝑠𝑖; 𝜽 = ∫ 𝑝 𝑦𝑖 𝒃𝒊, 𝜽 𝑝 𝑠𝑖 𝒃𝒊, 𝜽 𝑝 𝒃𝒊; 𝜽 𝑑𝒃𝒊

Joint Model Specification

Model survival times 𝑠𝑖
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• Joint model:

• 𝑝 𝑦𝑖 , 𝑚𝑖; 𝜽 = 𝑝 𝑦𝑖 , 𝑠𝑖; 𝜽 = ∫ 𝑝 𝑦𝑖 𝒃𝒊, 𝜽 𝑝 𝑠𝑖 𝒃𝒊, 𝜽 𝑝 𝒃𝒊; 𝜽 𝑑𝒃𝒊

• Repeated measures submodel:

• 𝑦𝑖𝑗 = 𝑓 𝑡𝑗; 𝜽, 𝒃𝒊 + 𝜖𝑖𝑗;  𝑖 = 1, … , 𝑁;  𝑗 = 1, … , 𝐽𝑖
 

where 𝑓 𝑡𝑗; 𝜽, 𝒃𝒊  is some function of mixed effects.

Joint Model Specification
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• Joint model:

• 𝑝 𝑦𝑖 , 𝑚𝑖; 𝜽 = 𝑝 𝑦𝑖 , 𝑠𝑖; 𝜽 = ∫ 𝑝 𝑦𝑖 𝒃𝒊, 𝜽 𝑝 𝑠𝑖 𝒃𝒊, 𝜽 𝑝 𝒃𝒊; 𝜽 𝑑𝒃𝒊

• Time-to-event submodel:

• ℎ𝑖 𝑠 = ℎ0 𝑠 exp 𝜼 ∗ 𝑔 𝑠; 𝜽, 𝒃𝒊
 

where 𝜼 is the association between the repeated measures and 
time-to-event outcomes

Joint Model Specification
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• Repeated measures submodel:

𝑓

• Time-to-event submodel:

𝑔
 

Joint Model Specification

𝑓 and 𝑔 not necessarily 

the same function
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• Repeated measures submodel:

• 𝑦𝑖𝑗 = 𝑓 𝑡𝑗; 𝜽, 𝒃𝒊 + 𝜖𝑖𝑗;  

• Time-to-event submodel:

• ℎ𝑖 𝑠 = ℎ0 𝑠 exp 𝜼 ∗ 𝑔 𝑠; 𝜽, 𝒃𝒊
 

Joint Model Specification

Shared 

parameters
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• Software available in R
• Frequentist (JM; left) and Bayesian (rstanarm; right)

Joint Model Applications

Rizopoulos, Dimitris. "JM: An R package for the joint modelling of longitudinal and time-to-event 

data." Journal of statistical software 35 (2010): 1-33.

Brilleman, Sam. Estimating Joint Models for Longitudinal and Time-to-Event Data with 

rstanarm. R package vignette, version 2.32.1, 16 Jan. 2024, https://cran.r-

project.org/web/packages/rstanarm/vignettes/jm.html.

https://cran.r-project.org/web/packages/rstanarm/vignettes/jm.html
https://cran.r-project.org/web/packages/rstanarm/vignettes/jm.html
https://cran.r-project.org/web/packages/rstanarm/vignettes/jm.html
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• Examples of joint model analyses in ALS (left)

Joint Model Applications

Kreuter, Michael, et al. "Impact of lung function decline on time to hospitalisation events in 

systemic sclerosis-associated interstitial lung disease (SSc-ILD): a joint model analysis." Arthritis 

Research & Therapy 24 (2022): 1-9.

Van Eijk, Ruben PA, et al. "Comparing methods to combine functional loss and mortality in 

clinical trials for amyotrophic lateral sclerosis." Clinical epidemiology (2018): 333-341.
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• Examples of joint model analyses in ALS (left) and ILD (right) studies

Joint Model Applications

Kreuter, Michael, et al. "Impact of lung function decline on time to hospitalisation events in 

systemic sclerosis-associated interstitial lung disease (SSc-ILD): a joint model analysis." Arthritis 

Research & Therapy 24 (2022): 1-9.

Van Eijk, Ruben PA, et al. "Comparing methods to combine functional loss and mortality in 

clinical trials for amyotrophic lateral sclerosis." Clinical epidemiology (2018): 333-341.
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REMAP-ILD
Joint model primary analysis for REMAP-ILD trial
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• Randomized,
Embedded, 
Multifactorial, 
Adaptive, 
Platform 
 

Interstitial 
Lung 
Disease.

• Website: https://remap-ild.org/

• Currently in planning stage.

• Primary analysis is a joint analysis of 
forced vital capacity (FVC) and survival 
times.

REMAP-ILD

https://remap-ild.org/
https://remap-ild.org/
https://remap-ild.org/
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• PROFILE and INJUSTIS cohorts followed ILD patients for 2+ years
• FVC and survival data for N=892 analyzed with joint model

REMAP-ILD Planning

Khan, Fasihul, et al. "The Its Not JUST Idiopathic pulmonary fibrosis Study (INJUSTIS): 

description of the protocol for a multicentre prospective observational cohort study identifying 

biomarkers of progressive fibrotic lung disease." BMJ open respiratory research 6.1 (2019): 

e000439.

Maher, Toby M., et al. "An epithelial biomarker signature for idiopathic pulmonary fibrosis: an 

analysis from the multicentre PROFILE cohort study." The Lancet Respiratory Medicine 5.12 

(2017): 946-955.
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REMAP-ILD Planning

• Line plot shows individual trajectories 
of FVC progression over 2.5 years
• Red lines indicate person had an event 

(died) during the study

• Low FVC correlated with high mortality!

Application of real world data

Individual-level data from PROFILE and 

INJUSTIS cohort studies 

E

NE
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• Line plot shows individual trajectories 
of FVC progression over 2.5 years
• Red lines indicate person had an event 

(died) during the study

• Low FVC correlated with high mortality!

• Kaplan-Meier plot shows separate 
curves by baseline FVC value
• Again, low FVC correlated with high 

mortality!

REMAP-ILD Planning
Application of real world data

Individual-level data from PROFILE and 

INJUSTIS cohort studies 

E

NE

>80pp

<80pp
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• Repeated measures submodel:

• 𝑦𝑖𝑗 = 𝝁𝒊 𝒕𝒋 + 𝜖𝑖𝑗

REMAP-ILD Model

Model-estimated 

FVC “Value”
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• Repeated measures submodel:

• 𝑦𝑖𝑗 = 𝝁𝒊 𝒕𝒋 + 𝜖𝑖𝑗

• Time-to-event (mortality) submodel:

• ℎ𝑖 𝑠 = ℎ0 𝑠 exp 𝜂1𝝁𝒊 𝒕𝒋 + 𝜂2𝝁𝒊
′ 𝒕𝒋

REMAP-ILD Model

FVC “Value” FVC “Slope”

Model-estimated 

FVC “Value”
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• Repeated measures submodel:

• 𝑦𝑖𝑗 = 𝝁𝒊 𝒕𝒋 + 𝜖𝑖𝑗

• Time-to-event (mortality) submodel:

• ℎ𝑖 𝑠 = ℎ0 𝑠 exp 𝜂1𝝁𝒊 𝒕𝒋 + 𝜂2𝝁𝒊
′ 𝒕𝒋

REMAP-ILD Model

Association terms

Pr(< 0 ∣ 𝐃𝐚𝐭𝐚)

𝜂1 1.000

𝜂2 1.000
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• Repeated measures submodel:

• 𝑦𝑖𝑗 = 𝝁𝒊 𝒕𝒋 + 𝜖𝑖𝑗

• Time-to-event (mortality) submodel:

• ℎ𝑖 𝑠 = ℎ0 𝑠 exp 𝜂1𝝁𝒊 𝒕𝒋 + 𝜂2𝝁𝒊
′ 𝒕𝒋

REMAP-ILD Model

Association terms

Pr(< 0 ∣ 𝐃𝐚𝐭𝐚)

𝜂1 1.000

𝜂2 1.000

Survival Probability at 2.5 years by 

FVC “Value” (x) and FVC “Slope” (y)
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REMAP-ILD Model Fit

Censored

Individual-level data from PROFILE and 

INJUSTIS cohort studies 
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REMAP-ILD Model Fit

Censored

Individual-level data from PROFILE and 

INJUSTIS cohort studies 
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REMAP-ILD Model Fit

Death

Individual-level data from PROFILE and 

INJUSTIS cohort studies 
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REMAP-ILD Model Fit

Censored

Individual-level data from PROFILE and 

INJUSTIS cohort studies 
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REMAP-ILD Model Fit

Death

Individual-level data from PROFILE and 

INJUSTIS cohort studies 
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• Marginal model fit (line) vs 
data means (dots)

• Observed data are non-linear 
because due to survival 
events

• Random coefficients model 
cannot fit the non-linearity 
because survival events 
unaccounted for

REMAP-ILD Model Marginal Fit

Fit: 
1

𝑛
σ𝑖 𝜇𝑖 𝑡
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REMAP-ILD Model Marginal Fit

• Marginal model fit (line) vs 
data means (dots)

• Observed data are non-linear 
because due to survival 
events

• Joint model fits the non-
linearity by accounting for 
survival events

Fit: 
σ𝑖 𝜇𝑖 𝑡 𝑠𝑖 𝑡

σ𝑖 𝑠𝑖 𝑡
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• Redefine How to Evaluate Treatment Effect in Progressive Disease

• Traditional: Mean Difference 

• Alternative: Relative Proportional Reduction

• A Metric that Unifies Various Ways of Defining Treatment Effects

• Mean difference

• Time savings/delay in disease progression

• Hazard ratio reduction

• A Metric that Offers Greater Possibility

Outlines



Part I: Redefine How to Evaluate Treatment Effect in Rare 
Disease (Dominantly Inherited Alzheimer’s Disease)



Alzheimer’s disease

Sperling, R. A., Aisen, P. S., Beckett, L. A., Bennett, D. A., Craft, S., Fagan, A. M., ... & Phelps, C. H. (2011). Toward de fining the preclinical stages of Alzheimer’s disease: Recommendations 
from the National Institute on Aging-Alzheimer's Association workgroups on diagnostic guidelines for Alzheimer's disease. Alzheimer's & dementia, 7(3), 280-292.

∆𝟏𝟖
𝑷 − ∆𝟏𝟖

𝑻

Van Dyck, C. H., Swanson, C. J., Aisen, P., Bateman, R. J., Chen, C., Gee, M., ... & Iwatsubo, T. (2023). Lecanemab in early Alzheimer’s disease. New England Journal of Medicine, 388(1), 9-21.

• Left: Natural disease progression trajectory of Alzheimer’s disease

• Right: Snapshot of disease progression trajectory in a real clinical trial (compare means using 

mixed model for repeated measures (MMRM))

Trial Population

MCI 
Moderate Dementia



Clinical Trials for Rare vs Sporadic Alzheimer’s disease

To improve the chance of success of clinical trials

•  Composite outcome vs single outcome

•  Selection of more homogeneous population: enrichment trials or 
targeted trials

•  Apply new statistical concept (i.e., beyond MMRM)

• New models 

• More data points for direct efficacy inference



Dominantly Inherited (i.e., Rare) AD Population

Dominantly inherited AD (DIAD):

• Multiple mutations in 3 genes (amyloid precursor protein (APP), presenilin 1 

(PSEN1), or presenilin 2 (PSEN2)) but all converge on similar pathway 

• Early disease onset: 40s-60s

• Good predictability for age of symptom onset (AO) within specific mutations

• Estimated years to symptom onset (EYO) : e.g. AO=55, age=45, EYO=-10



Primary Outcome - A Cognitive Composite

The composite endpoint, Y, is the equal weighting of Mini Mental State Examination 
(MM), Wechsler Adult Intelligence Scale Digit Symbol Substitution Test (W), Wechsler 
Memory Scale-Revised Logical Memory Delayed Recall (ME), and DIAN Word List 
Delayed Recall (D): 
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Standardize each endpoint by the
Mean and SD in relative healthy population

𝐸𝑌𝑂 ≤ −15

Wang, G., Berry, S., Xiong, C., Hassenstab, J., Quintana, M., McDade, E. M., ... & Dominantly Inherited Alzheimer Network Tri als Unit. (2018). A novel cognitive disease progression model for 
clinical trials in autosomal‐dominant Alzheimer's disease. Statistics in medicine, 37(21), 3047-3055.



Cognitive Progression by Age and by EYO

• Left: Natural disease progression trajectory by age

• Right: Natural disease progression trajectory by estimated years to symptom onset (EYO)

Variability of 
cognition at healthy

Variability of 
time to onset



Estimated Disease Progression Trajectory with Hypothetical Treatment Effect

--Redefine Treatment Effects as Proportional Reduction

Wang, G., Berry, S., Xiong, C., Hassenstab, J., Quintana, M., McDade, E. M., ... & Dominantly Inherited Alzheimer Network Tri als Unit. (2018). A novel cognitive disease progression model for 
clinical trials in autosomal‐dominant Alzheimer's disease. Statistics in medicine, 37(21), 3047-3055.

• Left: Natural disease progression trajectory with raw data

• Right: Disease progression trajectory with 50% reduction in disease progression 



Alternative Efficacy Inference Metric: 

Proportional (i.e., %) Reduction vs Mean Difference

Wang, G., Berry, S., Xiong, C., Hassenstab, J., Quintana, M., McDade, E. M., ... & Dominantly Inherited Alzheimer Network Trials Unit. (2018). A novel cognitive disease progression model for 
clinical trials in autosomal‐dominant Alzheimer's disease. Statistics in medicine, 37(21), 3047-3055.

Wang, G., Liu, L., Li, Y., Aschenbrenner, A. J., Bateman, R. J., Delmar, P., ... & Xiong, C. (2022). Proportional constrained longitudinal data analysis models for clinical trials in sporadic 

Alzheimer's disease. Alzheimer's & Dementia: Translational Research & Clinical Interventions, 8(1), e12286.

• Mean Difference: ∆𝐣
𝐏 − ∆𝐣

𝐓

• 𝜽 =
∆𝒋

𝑷−∆𝒋
𝑻

∆𝒋
𝑷

• ∆𝒋
𝑻= 𝟏 − 𝜽 ∆𝒋

𝑷, 𝜽 = 𝟓𝟎%

• Proportional reduction relative to the 

placebo decline

• Non-linear model

• 𝜽: Estimate treatment effect across a 

wide range of disease stages/timepoints



Extension to Sporadic Alzheimer’s Disease
--Disease Progression Model with Random Effect in Time

Donohue, Michael C., et al. "Estimating long‐term multivariate progression from short‐term data." Alzheimer's & Dementia 10 (2014): S400-S410.
Raket, Lars Lau. "Statistical disease progression modeling in Alzheimer disease." Frontiers in big Data 3 (2020): 24.

Wang, G., CTAD 2024

• Random effect shifts individual data left and right to form a nice DPM trajectory
• Model can output “disease stage” time variable similar to EYO



Proportional (%) Treatment Effect across All Post-baseline Visits

Absolute difference: ∆𝟏𝟖
𝑷 − ∆𝟏𝟖
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Proportional (%) Reduction across Multiple Visits

Adapted from Van Dyck, Christopher H., et al. "Lecanemab in early Alzheimer’s disease." New England Journal of Medicine 388.1 (2023): 9 -21.
Wang, Guoqiao, et al. "Novel non‐linear models for clinical trial analysis with longitudinal data: A tutorial using SAS for b oth frequentist and Bayesian methods." 
Statistics in medicine (2024). Wang, G AAIC 2024



Part II: A Metric—Unifying Various Treatment Effects



Proportional (%) Treatment Effect—
A Metric that Connects Various Treatment Efficacy Measures

Absolute difference: ∆𝟏𝟖
𝑷 − ∆𝟏𝟖

𝑻 = ∆= 𝟎. 𝟒𝟓

𝜹𝟑
𝑷

𝜹𝟔
𝑻

𝜹𝟔
𝑷

𝜹𝟗
𝑻

𝜹𝟗
𝑷

𝜹𝟏𝟐
𝑻

𝜹𝟏𝟐
𝑷

𝜹𝟏𝟓
𝑻

𝜹𝟏𝟓
𝑷

𝜹𝟏𝟖
𝑻

𝜹𝟏𝟖
𝑷

𝜹𝟑
𝑻

∆𝟑
𝑻= (𝟏 − 𝜽)∆𝟑

𝑷

∆𝟑
𝑷

(𝟏 − 𝜽)∆𝟔
𝑷

∆𝟔
𝑷

(𝟏 − 𝜽)∆𝟗
𝑷

∆𝟗
𝑷

(𝟏 − 𝜽)∆𝟏𝟐
𝑷

∆𝟏𝟐
𝑷

(𝟏 − 𝜽)∆𝟏𝟓
𝑷

∆𝟏𝟓
𝑷

(𝟏 − 𝜽)∆𝟏𝟖
𝑷

∆𝟏𝟖
𝑷

Proportional (%) Reduction: 𝜽 = 27.9%

𝟎. 𝟒𝟓

𝟏. 𝟔𝟔
≅ 𝟐𝟕%

Adapted from Van Dyck, Christopher H., et al. "Lecanemab in early Alzheimer’s disease." New England Journal of Medicine 388.1 (2023): 9 -21.
Wang, Guoqiao, et al. "Novel non‐linear models for clinical trial analysis with longitudinal data: A tutorial using SAS for b oth frequentist and Bayesian methods." 
Statistics in medicine (2024). Wang, G AAIC 2024

MMRM vs Proportional MMRM



Time Savings: 5.3 Months Proportional (%) Reduction in Hazard Ratio: 31%

𝟓. 𝟑

𝟏𝟖
≅ 𝟐𝟗%

Proportional (%) Treatment Effect—
A Metric that Connects Various Treatment Efficacy Measures

CTAD 2022, Van Dyck, C, et al.  Wang, G AAIC 2024
Van Dyck, Christopher H., et al. "Lecanemab in early Alzheimer’s disease." New England Journal of Medicine 388.1 (2023): 9 -21.

➢ Notably, despite the diverse representations of these treatment effects, they converge to 
nearly the same number when converted to a proportional treatment effect (% Reduction).



CTAD 2022, Van Dyck, C, et al., Wang, G AAIC 2024
Van Dyck, Christopher H., et al. "Lecanemab in early Alzheimer’s disease." New England Journal of Medicine 388.1 (2023): 9-21.
Wang, Guoqiao, et al. "Statistical considerations when estimating time‐saving treatment effects in Alzheimer's disease clinical 
trials." Alzheimer's & Dementia (2024).

Time savings: Time needed for the placebo to decline 

from ∆𝟏𝟖
𝑻  to ∆𝟏𝟖

𝑷  

Proportion of the time savings relative to the total trial 

duration can be approximated as:

𝜽𝑻 =
∆𝟏𝟖

𝑷 − ∆𝟏𝟖
𝑻

∆𝟏𝟖
𝑷

= 𝟐𝟕%

Whether measured on the y-axis (as absolute 

difference) or on the x-axis (as time savings):
Converting to a similar proportion by the same formula

𝟓. 𝟑

𝟏𝟖
≅ 𝟐𝟗%

𝟎. 𝟒𝟓

𝟏. 𝟔𝟔
≅ 𝟐𝟕%

∆𝟏𝟖
𝑻

∆𝟏𝟖
𝑷

∆

∆𝟏𝟖
𝑻

AAIC 2024 17

Proportional (%) Treatment Effect—A Metric that Connects
Effect on Y-axis (absolute different) and Effect on X-Axis (Time-Saving Effect)



Part III: Proportional (%) Treatment Effects: 
Greater Flexibility and Possibility

18AAIC 2024



Across All (or Multiple) Post Baseline Visits in A Single Endpoint

2022, Van Dyck, C, et al. Wang, G AAIC 2024
Wang, Guoqiao, et al. "Statistical considerations when estimating time‐saving treatment effects in Alzheimer's disease clinical trials." Alzheimer's & Dementia (2024).
Wang, Guoqiao, et al. "Novel non‐linear models for clinical trial analysis with longitudinal data: A tutorial using SAS for both frequentist and Bayesian methods." Statistics in medicine (2024).

Proportional Effect Across 
All Visits

Proportional Effect Across 
Multiple Visits



Proportional Effect Across Multiple Visits
-- Resilient to % Variation Observed at Each Visit

% reduction at each visit for Donanemab Phase 3 Trial (low/medium tau population)

Weeks
Estimated

% reduction
SE

95% CI

Lower Upper

12 36.4% 24.1% -10.9% 83.7%
24 48.1% 11.8% 25.0% 71.3%
36 51.3% 8.4% 34.8% 67.9%
52 43.9% 7.0% 30.1% 57.8%
64 38.3% 6.7% 25.2% 51.5%
76 36.2% 5.9% 24.6% 47.8%

% difference 36-12 14.9% 20.0% -24.3% 54.2%

% difference 36-64 13.0% 7.1% -1.0% 27.0%

% difference 36-76 15.2% 8.0% -0.5% 30.8%

The differences in the % reduction, despite the magnitude, are not significant

Proportional MMRM: 39.7% (29.0%, 50.4%) vs MMRM: 36.2% (24.6%, 47.8%)

Sims, John R., et al. "Donanemab in early symptomatic Alzheimer disease: the TRAILBLAZER-ALZ 2 randomized clinical trial.“Jama 330.6 (2023): 512-527. 
Wang, Guoqiao, et al. "Statistical considerations when estimating time‐saving treatment effects in Alzheimer's disease clinical trials." Alzheimer's & Dementia (2024).

0.08

LS
 M

e
an

 C
h

an
ge

 in
 C

D
R

-S
B



Multivariate Endpoints and All, Multiple, or Last Visit(s)

Adapted from CTAD 2022, Van Dyck, C, et al. Wang, G AAIC 2024
Wang, Guoqiao, et al. "Novel non‐linear models for clinical trial analysis with longitudinal data: A tutorial using SAS for both frequentist and Bayesian methods." Statistics in medicine (2024).

Multiple Endpoints
+

Multiple Visits

Multiple Endpoints
+

Last Visit



38.6% reduction

35% reduction

36% reduction

40% reduction

32% reduction

Multivariate Endpoints including Survival Endpoint—
 and All, Multiple, or Last Visit(s)

Mintun, M. et al, AAIC 2023, Wang, G AAIC 2024
Sims, John R., et al. "Donanemab in early symptomatic Alzheimer disease: the TRAILBLAZER-ALZ 2 randomized clinical trial.“ Jama 330.6 (2023): 512-527. 

23% reduction



Software Procedures

❖ SAS %nlinmix macro is the go-to computational package

❖Build upon proc mixed

❖ SAS nlmixed procedure: MMRM, pMMRM, Joint proportional model

❖ SAS Bayesian MCMC procedure: MMRM, pMMRM, Joint proportional 

model

❖ The estimates obtained from MMRM (covariance matrix + mean of the 

placebo arm) can always be used as initial values in pMMRM

Wang, Guoqiao, et al. "Novel non‐linear models for clinical trial analysis with longitudinal data: A tutorial using SAS for b oth frequentist and Bayesian methods." 
Statistics in medicine (2024).



Conclusions 

❖ Proportional Treatment Effect Can Be An Alternative to the Difference
➢ Widely used in categorical data analysis
➢ Widely used in survival analysis
➢ Less popular for continuous endpoints 

❖ Proportional (%) Treatment Effect:
➢ Convert absolute difference into a proportion
➢ Increase Power due to rescaling or combine multiple visits/endpoints

❖ Proportional (%) Treatment Effect Connects Various Ways
➢ Absolute difference
➢ Time savings
➢ Hazard reduction 
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Thank you !

Any Questions? 
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