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The general Approach

https://storage.needpix.com/rsynced_images/homer-simpsons-155238_1280.png



The Rare Disease Challenge
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Rare disease → Few patients

Wide heterogeneity in the disease state

− Score ranges from 10 to 70

Wide heterogeneity in the progression of the 

disease

− Some patients are getting better

− Some stable

− Some worsening

How to account for all these sources of 

heterogeneity with few patients and allow to detect 

a (small) improvement due to treatment ? 
Figure from A.Monseur; B. Carlin; B. Boulanger; A. Seferian; L. Servais; C. Freitag; L. Thielemans 

Leveraging natural history data in one- and two-arm hierarchical Bayesian studies of rare disease progression. 

Poster presented at World Muscle Society Conference 2021(Virtual Congress).  



The Challenge: Continued
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Relatively linear trajectory

Relatively stable over short time periods

Predictable future behavior 

− Given hypothesis

− Allows detection of “abnormal” / unexpected 

behavior

Figure from A.Monseur; B. Carlin; B. Boulanger; A. Seferian; L. Servais; C. Freitag; L. Thielemans 

Leveraging natural history data in one- and two-arm hierarchical Bayesian studies of rare disease progression. 

Poster presented at World Muscle Society Conference 2021(Virtual Congress).  



The solution: Define Responders
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• Individual trajectory can be 

composed from an ongoing 

natural history study or a run-in.

• Population trajectory is 

composed of all individual 

trajectories

Patient Trajectories

Population  trajectory

Disease state 

heterogeneity
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The solution: Define Responders Continued
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1. For each individual a prediction can be 

established by borrowing from the 

population trajectory

2. Responders to treatment* can be 

defined as  :

A low probability of the observed 

trajectory  compared to the 

predicted trajectory 

95% Prediction 

Interval

*Treatment can be  Active or Placebo

Population  trajectory

Patient Trajectory

Observed values and 

associated trajectory



Can We Model the data ?
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Yes we can !

Fig. 1 from: Fouarge, E., Monseur, A., Boulanger, B., Annoussamy, M., Seferian, A. M., De Lucia, S., ... & Servais, L. (2021).

Hierarchical Bayesian modelling of disease progression to inform clinical trial design in centronuclear myopathy. Orphanet Journal of Rare Diseases, 16(1), 1-11.



Step by step approach
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Individual prediction.

− Combining the NHS data with the run-in data from patients enrolled but not included in the NHS allows the 

derivation of individual predictive distributions of the endpoint or endpoints over time after treatment 

administration. 

− Only pre-treatment data (i.e., from the NHS or a short “run-in” period) are used to fit our disease progression 

model.  

− All data gathered post-administration are used only to determine patient responder status, as follows.

Identifying responders.

− The joint predictive probability of improvement (increase or decrease over time depending on the endpoint 

measured) is computed for each patient. 

− If the joint predictive probability of the patient’s observed improvement is smaller than some threshold (say, 

0.05), then a patient is declared to be a responder. 

Control of trial Type I error.

− Using this definition of responder, the predictive distribution of the rate of response is simulated under the null 

hypothesis of no treatment effect. 

− A statistical significance threshold value is then determined to guarantee an overall Type I error of less than 

or equal to 5%. 



Control of Type 1 error
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Good practices is to control type 1 

error under a certain threshold (5%). 

This ensures that the decisions taken 

control the false positive rate under 

5%. 

Due to small sample sizes, our 

method is calibrated to ensure this 

5% error rate 



Performance of the proposed methodology
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n: 6 18 30 42 54

0% Increase 0.042 0.049 0.056 0.035 0.054

40% Increase 0.505 0.741 0.817 0.834 0.87

Figure shows two responder 

rate distributions. The naturally 

occurring (H0 in red) and a 

hypothesized treatment effect 

response (green)

Figure on the right shows the 

Bayesian power curves in terms 

of the hypothesized treatment 

effect
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Weakness of this strategy

Picture: https://tse4.mm.bing.net/th?id=OIP.m8iuXqPzMnWl64U2fXhi0QHaFK&pid=Api



What if… There is a placebo effect ?
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Previous methodology assumed the 

ideal case in which there is not 

placebo effect.

If there are such effects, how does this 

impact our current strategy ? Can it 

still appropriately detect change ? 

Three placebo effects will be 

considered

− Shift

− Transient

− Change Point



How is Bayesian Power impacted 
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Sample Size (n)           

Shift (q) 6 18 30 42 54

0.005 0.554 0.541 0.701 0.714 0.685

0.01 0.254 0.42 0.469 0.458 0.466

0.015 0.281 0.301 0.265 0.294 0.351

0.02 0.095 0.199 0.194 0.193 0.173

0.03 0.103 0.173 0.17 0.216 0.245

Sample Size (n)           

Shift (r) 6 18 30 42 54

0.01 0.298 0.547 0.638 0.67 0.631

0.02 0.285 0.316 0.376 0.431 0.473

0.03 0.079 0.2 0.172 0.196 0.193

0.04 0.056 0.042 0.057 0.056 0.06

0.05 0.098 0.038 0.049 0.048 0.04

There is a clear drop in the 

capacity of the model to 

adequately detect change.

Type one error does not 

have the appropriate 

properties either (not 

shown)

Shift Placebo Effect

Transient Placebo Effect
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Improving the strategy

http://schoolplus.com.sg/wp-content/uploads/2017/10/Tips-to-improve-your-child-memory-1038x526.png



Adding a Placebo arm and compare responder rates
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An “easy” fix for the issues mentioned 

previously is to include a placebo arm in 

the study

Instead of comparing the responder rate 

to a hypothetic rate we compare the 

rates in the two arms 

We will compare the performance of this 

method to the previous one and the 

more classical “frequentist” approach



Adding a Placebo arm and compare responder rates
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Frequentist

20 treated, 10 

control

Two Arm responder 
One Arm

30 treated

21 treated,

9 control

24 treated,

6 control

27 treated,

3 control

Placebo

Effect

Types

None 0.14 0.53 0.53 0.49 0.46

Shift Effect 0.14 0.50 0.46 0.44 0.39

Transient 0.14 0.45 0.43 0.41 0.38

The two arm “responder model” outperforms the two alternatives

The impact of including more placebo controls is important on the power . A better 

characterization of the responder rate under the placebo assumptions helps in detecting the 

difference between the two.

24% additional responders



Adding a Placebo arm and compare responder rates
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24% additional responders
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Alternative Approach: Change Point Approach



Change Point Approach: visualization
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Change Point Approach
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Extend model to a linear changepoint model,

𝜒𝑖𝑗 = 𝛼𝑖 + 𝛽𝑖𝑡𝑗 + 𝛾𝑖𝑡𝑗
+

where the “+” superscript denotes positive part, i.e., 𝑡𝑗
+ = 𝑡𝑗 for 𝑡𝑗 > 0, and 𝑡𝑗

+ = 0 for 𝑡𝑗 < 0.  Thus 𝛾𝑖 is 

the change in slope after the intervention.  Our original model assumes 𝛾𝑖 = 0 for patients receiving 

placebo, and defines response relative to the (𝛼𝑖 , 𝛽𝑖) straight line that continues after intervention.

• We define treatment effect as the difference between the drug and placebo post-intervention slopes.  

That is, we assume 𝛾𝑖 ∼ 𝑁 𝛾𝑡𝑟𝑡 , 𝜎𝑡𝑟𝑡
2 for treated patients, 𝛾𝑖 ∼ 𝑁(𝛾𝑝𝑙𝑎𝑐 , 𝜎𝑝𝑙𝑎𝑐

2 ) for placebo patients, 

and place vague hyperpriors on the 4 hyperparameters.  We then fit the model, and base our test 

on the posterior distribution of Δ = 𝛾𝑡𝑟𝑡 − 𝛾𝑝𝑙𝑎𝑐 , rejecting 𝐻0 if 𝑃 Δ > 0 𝑑𝑎𝑡𝑎) ≥ 0.95.

• In this method we assume that we know the type of progression after treatment that will be 

observed and that it is similar for all patients in each treatment group.



Change Point Approach
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This more classical approach outperforms the 

previous responder-based methods

Since the type of effect is “known” there is less 

uncertainty and thus it is easier to detect the change

The hypothesized model needs to fit the data which 

may be a very strong assumption
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Concluding remarks



Conclusions
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The responder one arm model works well but necessitate strong hypothesis which are probably not 

realistic with respect to the absence of a placebo effect

The two-arm placebo model allows to detect treatment effect whatever the kind of progression may 

occur after treatment. This is also true if the responses are very different from patient to patient as it 

does not assume a parametric model of response. 

However, this increase in generality has a cost: Loss of power.

− When the parametric shape can be hypothesized and model, this allows for a gain in power

Various methods have been investigated allowing for optimal choice of method once more data 

enables us to decide how to proceed
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