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What is Huntington disease?

• Inherited neurodegenerative disease caused by a triplet repeat expansion of cytosine-
adenine-guanine (CAG) in the HTT gene1. 

• Any individual with ≥ 40 CAG repeats will develop HD with 100% certainty2.



Why study Huntington disease?

• No therapies that stop or delay onset of symptoms exist2.

• Triad of symptoms: motor, cognitive, and psychiatric1.
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What is Huntington disease?



Stroop word reading test

• Assessment that requires participants to read 
the printed card color name while the ink is a 
different color. 

• Score reflects the number of correct responses

• Higher indicates better cognitive health

3

Cognitive health



Stroop word reading test

• Assessment that requires participants to read 
the printed card color name while the ink is a 
different color. 

• Score reflects the number of correct responses

• Higher indicates better cognitive health

3

Cognitive health



Stroop word reading test

• Assessment that requires participants to read 
the printed card color name while the ink is a 
different color. 

• Score reflects the number of correct responses

• Higher indicates better cognitive health

3

Cognitive health

PREDICT-HD Study

• Non-interventional multi-centered longitudinal 
study of Huntington disease.

• N=1,033 individuals with ≥ 40 CAG repeats. 
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Cognitive health ~ Time (which metric)

Figure 2: Stroop word reading test
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What is the statistical problem?
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Bejamin button process (Revival analysis)

References the idea of analyzing time in reverse, leading up to an event of interest3.
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Bejamin button process in action 

Figure 3: Hormonal levels (2010)4

Figure 4: Medical Payments (2018)5
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Bejamin button process in action, cont. 

Figure 5: Cognitive markers in 
Alzheimer’s disease (2024)6

Deep interest in how health 
markers and medical payments 
evolve around a clinical 
milestone (e.g., menarche, 
death, or motor diagnosis). 

This information is useful in 
clinical care, management, and 
the development of clinical trials 
aimed at developing treatments. 
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Right-censored covariate problem 

Often called revival analysis, deals with the problem of analyzing time in reverse, 
leading up to an event of interest. For the 𝑖𝑡ℎ subject, consider the regression model 

 𝑌𝑖 = 𝒎 𝑿𝒊, 𝒁𝒊; 𝜷 + 𝜖𝑖 , 𝜖𝑖 ∼ 𝑁(0, 𝜎2)



Statistical Problem: Instead of observing 𝑿 we observe 𝑾, 𝚫
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Statistical Problem: Instead of observing 𝑿 we observe 𝑾, 𝚫

We are interested in estimating 𝛉 = (𝛃T, 𝜎) using 𝑌, 𝑊, Δ, 𝑍 , where 𝑌, 𝑍  are 
always observed but 𝑊 = 𝑚𝑖𝑛(𝑋, 𝐶) and Δ = I X ≤ 𝐶 . 
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Q1: Can a right-censored covariate be treated as a missing covariate?

When X is missing, the observed data is (Y, XR, R, Z), whereas the observed data 
for the right-censored covariate is Y, W, Δ, Z . 

Answer: Depends. In many settings you can introduce bias7.
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Right-censored covariate problem 

Assumptions

Outcome independent censoring
𝑌 ⫫ 𝐶| (𝑋, 𝑍)

• Independent censoring: 𝑋 ⫫ 𝐶| 𝑍

• Dependent censoring: 𝑋 ⫫ 𝐶| 𝑍
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Right-censored covariate problem 

Assumptions

Outcome independent censoring
𝑌 ⫫ 𝐶| (𝑋, 𝑍)

• Independent censoring: 𝑋 ⫫ 𝐶| 𝑍

• Dependent censoring: 𝑋 ⫫ 𝐶| 𝑍

Estimators validated 
• Complete case (CC) 
• Inverse probability weighting (IPW)
• Maximum likelihood estimator (MLE)

Estimators proposed
• Augmented complete case (ACC)
• Modified ACC (MACC)
• Augmented IPW (AIPW)



What is outcome dependent 
censoring?
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Most estimators assume outcome-independent censoring

• C ⫫ Y | X, Z  7,8,9

• C ⫫ (Y, X) | 𝑍 10,11

This assumption is reasonable when censoring arises from administrative factors 
such as predetermined study end dates. However, in many studies of progressive 
diseases, censoring depends directly on the outcome, violating outcome-
independent assumptions. 
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Outcome dependent censoring 



Outcome influences censoring 

Individuals with high cUHDRS scores (better health) may not be diagnosed 
during the study period. Therefore:

• 𝐶 ⫫ 𝑌| 𝑋, 𝑍  does not hold → 𝐶 ⫫ 𝑌| (𝑋, 𝑍).

• Estimators that rely on this assumption will lead to bias.
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Outcome influences censoring 

Individuals with high cUHDRS scores (better health) may not be diagnosed 
during the study period. Therefore:

• 𝐶 ⫫ 𝑌| 𝑋, 𝑍  does not hold → 𝐶 ⫫ 𝑌| (𝑋, 𝑍).

• Estimators that rely on this assumption will lead to bias.

Important for investigating cUHDRS

Need to develop consistent estimators that may estimate the parameters 
indexing the regression model:

 𝑐𝑈𝐻𝐷𝑅𝑆𝑖 = 𝛽0 + 𝛽1𝑇𝑇𝑀𝐶𝐼𝑖 + 𝛽2𝐶𝐴𝐺𝑖 + 𝛽3𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛𝑖 + 𝛽4𝑆𝑒𝑥𝑖 + 𝜖𝑖
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Outcome dependent censoring
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Consistent Estimators 

• IPW estimator13,14. 

• AIPW estimator and improved form.

• Maximum likelihood estimator.
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Consistent Estimators 

• IPW estimator13,14. 

• AIPW estimator and improved form.

• Maximum likelihood estimator.

Inconsistent Estimators 

• Complete case estimator.

• ACC estimator and improved forms.

• MACC and improved forms.

• Conditional mean imputation estimator. 
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Probability of complete observation

17

Inverse probability weighting (IPW)

𝜋𝑌,𝑋,𝑍(𝑦, 𝑤, 𝒛) = 𝑃𝑟 𝐶 > 𝑤 𝑌 = 𝑦, 𝑋 = 𝑥, 𝒁 = 𝒛  

= ∫ 𝐼 𝐶 ≥ 𝑤 𝑓𝐶|𝑌,𝑋,𝒁 𝑐, 𝑦, 𝑥, 𝒛 𝑑𝑐

= ∫ 𝐼 𝐶 ≥ 𝑤 𝑓𝐶|𝑌,𝒁 𝑐, 𝑦, 𝒛 𝑑𝑐
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Assumptions

1. 𝐶 ⫫ 𝑌| (𝑋, 𝑍)

2. 𝐶 ⫫ 𝑋| (𝑌, 𝑍)

Estimating Equations

෍

𝑖=1

𝑛
𝛿𝑖𝑺𝜽

𝐹(𝑦𝑖 , 𝑤𝑖 , 𝒛𝑖)

𝜋𝑌,𝑋,𝑍(𝑦𝑖 , 𝑤𝑖 , 𝒛𝒊)
= 𝟎, where 𝑺𝜽

𝐹 𝑦𝑖 , 𝑥𝑖 , 𝒛𝑖 =
𝜕

𝜕𝜃𝑇
log 𝑓𝑌|X,𝒁 𝑦𝑖 , 𝑥𝑖 , 𝒛𝒊; 𝜽
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Augmented Inverse probability weighting (AIPW)

Augments the IPW estimator to improve efficiency.

Estimating Equations

෍

𝑖=1

𝑛
𝛿𝑖𝑺𝜽

𝐹(𝑦𝑖 , 𝑤𝑖 , 𝒛𝑖)

𝜋𝑌,𝑋,𝑍(𝑦𝑖 , 𝑤𝑖 , 𝒛𝑖)
+ 1 −

𝛿𝑖

𝜋𝑌,𝑋,𝑍 𝑦𝑖 , 𝑤𝑖 , 𝒛𝑖
ΨAIPW(𝑦𝑖 , 𝒛𝑖; 𝜽) = 𝟎

IPW estimator Augmentation term
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෍

𝑖=1

𝑛
𝛿𝑖𝑺𝜽
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ΨAIPW(𝑦𝑖 , 𝒛𝑖; 𝜽) = 𝟎

IPW estimator Augmentation term

Form of augmentation term (efficient choice)

ΨAIPW 𝑦𝑖 , 𝒛𝑖; 𝜽 =
𝐸𝑋|𝑌,𝒁[{1 − 1/𝜋𝑌,𝑋,𝒁(𝑦𝑖 , 𝑋, 𝒛𝒊)}𝑺𝜽

𝐹(𝑦𝑖 , 𝑋, 𝒛𝒊)]

𝐸𝑋|𝑌,𝒁{1 − 1/𝜋𝑌,𝑋,𝒁(𝑦𝑖 , 𝑋, 𝒛𝒊)} 
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Improved AIPW

Modifies the AIPW estimator to guarantee improved efficiency.

Estimating Equations

෍
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𝑛
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Improved AIPW

Modifies the AIPW estimator to guarantee improved efficiency.

Estimating Equations

෍

𝑖=1

𝑛
𝛿𝑖𝑺𝜽

𝐹(𝑦𝑖 , 𝑤𝑖 , 𝒛𝑖)
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+ 1 −

𝛿𝑖

𝜋𝑌,𝑋,𝑍 𝑦𝑖 , 𝑤𝑖 , 𝒛𝑖
𝚲AIPWΨAIPW(𝑦𝑖 , 𝒛𝑖; 𝜽) = 𝟎

IPW estimator Augmentation term

Form of augmentation term (efficient choice)

𝚲AIPW = 𝐸𝑌,𝑊,Δ,𝒁[{1 − Δ/𝜋𝑌,𝑋,𝑍(𝑌, 𝑊, 𝒁)}𝑺𝜽
𝐹(𝑌, 𝑊, 𝒁)ΨAIPW 𝑌, 𝒁; 𝜽 𝑇]

 𝐸𝑌,𝑊,Δ,𝒁 {1 − Δ/𝜋𝑌,𝑋,𝑍(𝑌, 𝑊, 𝒁)}ΨAIPW 𝑌, 𝒁; 𝜽
⊗2 −1
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Maximum likelihood estimator 

The MLE estimator takes the partial derivative of log-likelihood with respect to 𝜽𝑇 . 

Estimating Equations

෍

𝑖=1

𝑛

𝛿𝑖𝑺𝜽
𝐹(𝑦𝑖 , 𝑤𝑖 , 𝒛𝑖) + (1 − 𝛿𝑖)

∫
𝑤𝑖<𝑥

𝑺𝜽
𝐹(𝑦𝑖 , 𝑥, 𝒛𝑖)𝑓𝑌|𝑋,𝒁 𝑦𝑖 , 𝑥, 𝒛𝒊 𝑓𝑋|𝒁 𝑥, 𝒛𝒊 𝑑𝑥

∫
𝑤𝑖<𝑥

𝑓𝑌|𝑋,𝒁 𝑦𝑖 , 𝑥, 𝒛𝒊 𝑓𝑋|𝒁 𝑥, 𝒛𝒊 𝑑𝑥
= 𝟎

CC estimator

Censored data term

Each component is not zero in expectation, but together, the expectation of the 

estimating equation is equal to zero. 
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Estimator choice depends on right-censoring rate

Consistency depends on the correct nuisance distribution specification

• IPW and AIPW (both forms): require correct 𝑓𝐶|𝑌,𝒁 𝑐, 𝑦, 𝒛

• MLE: requires correct 𝑓𝑋|𝒁 𝑥, 𝒛
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High Censoring rates 
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• IPW and AIPW (both forms): require correct 𝑓𝐶|𝑌,𝒁 𝑐, 𝑦, 𝒛

• MLE: requires correct 𝑓𝑋|𝒁 𝑥, 𝒛

High Censoring rates 

We observe (𝑌, 𝐶, 𝒁) more often than 𝑌, 𝑋, 𝒁 : easier to estimate 𝑓𝐶|𝒀,𝒁 𝑐, 𝑦, 𝒛 .

Low Censoring rates 

We observe (𝑌, 𝑋, 𝒁) more often than 𝑌, 𝐶, 𝒁 : easier to estimate 𝑓𝑋|𝒁 𝑥, 𝒛 .

Our recommendations:

• High censoring rate (≥ 𝟕𝟎%): IPW or AIPW

• Low censoring rate (< 𝟕𝟎%): MLE
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Simulations: Bias

Figure 6: Bias
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Simulations: Coverage

Figure 6: Coverage
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Simulations: Efficiency
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Application to Huntington disease 
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𝑓𝐶|𝒀,𝒁

AIPW-𝚲

𝑓𝐶|𝒀,𝒁

MLE

𝑓𝑋|𝒁

AIPW

𝑓𝐶|𝒀,𝒁

𝑓𝑋|𝒀,𝒁
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jvazqu18@jh.edu

Jesus E. Vazquez, Ph.D.

Provost's Postdoctoral Fellow

https://arxiv.org/abs/2511.15929
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