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Challenges and Opportunities for Rare 
Disease Clinical Trials

• Limited number of patients available to conduct 
clinical trials
– Insufficient information for statistical inference

• External/historical data sources present 
opportunities to borrow information to enhance 
statistical inference on current clinical trial data
– Natural history studies
– Patient registry
– Research databases
– RWE
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A highly illustrative setting
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Conventional pooling
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Conventional matching
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Conventional information borrowing 
approaches
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Pooling Matching

Relevance to target 
population

Low High* 

Data utilization High Low 

Statistical properties High bias, low variance Low bias*, high variance

*: when target population substantially deviates from data sources, matching could result in 
low relevance to target population and high bias



Recent advances: weighted data 
pooling to match target population

• Hasegawa et al (2017)*
– Study level data re-weighted to match (marginal) 

distributions of baseline covariates in the target 
population

• Signorovitch et al (2010)** proposed 
matching-adjusted indirect comparison 
(MAIC)
– Individual level data re-weighted to match 

(marginal) distributions of baseline covariates in 
the target population
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*: Hasegawa T, Claggett B, Tian L, et al. The Myth of Making Inferences for an Overall Treatment Efficacy 
with Data from Multiple Comparative Studies Via Meta-Analysis. Statistics in Biosciences 2017; 9: 284-297.
**: Signorovitch JE, Wu EQ, Andrew PY, et al. Comparative effectiveness without head-to-head trials. 
Pharmacoeconomics 2010; 28: 935-945.



a better bias-variance tradeoff?
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a better bias-variance tradeoff?
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a better bias-variance tradeoff?
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: male, high disease burden
: male, low disease burden
: female, high disease burden
: female, low disease burden

treatment 
effect on 
target 
population
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𝑓𝑓𝐴𝐴=0 𝑥𝑥1 = 0, 𝑥𝑥2 = 0



Target population integrated inference 
framework

Heterogeneous subjects (under 
treatment) represented by their 

baseline covariate vector 𝑿𝑿 =
𝑋𝑋1, … ,𝑋𝑋𝑝𝑝

Response of interest 𝑌𝑌 depends on 𝑿𝑿 via 
conditional distribution function 

𝐹𝐹𝑌𝑌|𝑿𝑿(𝑦𝑦|𝒙𝒙)
(modeled under control)

A target population of subjects 
characterized by a distribution 

function of 𝑿𝑿 as 𝐹𝐹𝑿𝑿(𝒙𝒙)

Distribution of overall response (under control) in a target population, 
characterized by 𝑿𝑿 =

𝑑𝑑
𝑿𝑿𝑼𝑼, is described  by

𝐹𝐹𝑌𝑌(𝑦𝑦) = ∫𝐹𝐹𝑌𝑌|𝑿𝑿(𝑦𝑦|𝒙𝒙)𝑑𝑑 𝐹𝐹𝑿𝑿𝑼𝑼(𝒙𝒙)
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Target population characterized by 
subjects in a current clinical trial

• Integrated estimator
�𝜃𝜃 = ∫𝑓𝑓 𝒙𝒙 𝑑𝑑𝐹𝐹𝑿𝑿𝑈𝑈 𝒙𝒙

• A target population can be simply characterized by 𝑛𝑛 enrolled 
subjects in a current clinical trial with their covariate vectors 𝒖𝒖𝟏𝟏,…, 
𝒖𝒖𝒏𝒏
– 𝐹𝐹𝑿𝑿𝑼𝑼(𝒙𝒙) defined by empirical distribution function of (𝒖𝒖𝟏𝟏,…, 𝒖𝒖𝒏𝒏)
– More appealing in a rare disease clinical trial setting when a target 

population can be represented by a small number of enrolled subjects 
• If a target population is comprised of 𝑛𝑛 subjects characterized by 

empirical distribution function of their (observed) baseline 
covariate vectors 𝒖𝒖1, … ,𝒖𝒖𝑛𝑛, integrated estimator can be simplified

�𝜃𝜃 = �𝑓𝑓 𝒙𝒙 𝑑𝑑𝐹𝐹𝑿𝑿𝑈𝑈 𝒙𝒙 =
1
𝑛𝑛
�
𝑖𝑖=1

𝑛𝑛

𝑓𝑓(𝒖𝒖𝑖𝑖)
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Using integrated estimator for target 
population inference in practice
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poolability

• Scope of data integration: which subjects can 
be pooled for �𝐹𝐹𝒀𝒀|𝑿𝑿?

variability

• Standard error of integrated estimator �𝜃𝜃 =
∫𝑓𝑓(𝒙𝒙)𝑑𝑑𝐹𝐹𝑿𝑿𝑈𝑈 𝒙𝒙 ?

bias

• Impact of regression model misspecification 
on integrated estimator 𝑓𝑓(𝒙𝒙) in terms of bias 
at population level?
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Validation 
set 

Initial 
training 

set

Scope of data sources that can 
be pooled into training set 
expands until prediction error on 
the validation set deteriorates 

Prediction error 
evaluated on 
validation set

Data poolability evaluated by a 
training and validation approach



Variability: SE of integrated estimator 
obtained by the bootstrap

I. randomly generate 𝐵𝐵 independent bootstrap resamples, each 
consisting of 𝑁𝑁 observations on 𝑿𝑿,𝑌𝑌 drawn with replacement 
from the original combined data sources

II. for each bootstrap sample, evaluate the integrated estimator and 
obtain �𝜃𝜃∗ 𝑏𝑏 , 𝑏𝑏 = 1, … ,𝐵𝐵

III. calculate the sample standard deviation of the �𝜃𝜃∗ 𝑏𝑏 values, i.e.

�𝜎𝜎𝐵𝐵 =
∑𝑏𝑏=1𝐵𝐵 �𝜃𝜃∗ 𝑏𝑏 − �𝜃𝜃∗ � 2

𝐵𝐵 − 1

1/2

where �𝜃𝜃∗ � = ∑𝑏𝑏=1
𝐵𝐵 �𝜃𝜃∗ 𝑏𝑏

𝐵𝐵

It can be shown �𝜎𝜎𝐵𝐵 approaches standard error of integrated estimator
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Bias: Intuition on population level bias 
attenuation

• Subject level bias resulted from model misspecification 
can offset one another to reduce degree of bias at 
population level

• Extent of bias attenuation depends on (1) how close 
target population is to centroid of historical control 
data pool and (2) how many key covariates are 
captured

• Additional assurance on robustness of the integrated 
estimator, after choice of a good statistical learning 
model and a training and validation evaluation on 
scope of data pool where a common model applies 
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Details…

• Suppose correct model is �𝒀𝒀 = �𝑿𝑿𝜷𝜷 + �𝜺𝜺 = �𝑿𝑿1𝜷𝜷1 + �𝑿𝑿2𝜷𝜷2 + �𝜺𝜺
that is misspecified as �𝒀𝒀 = �𝑿𝑿1𝜷𝜷1 + �𝜺𝜺

• Integrated parameter 𝜃𝜃 over the target population 
characterized by �𝑼𝑼

𝜃𝜃 =
1
𝑛𝑛
�
𝑖𝑖=1

𝑛𝑛

𝐸𝐸 𝑌𝑌|𝑿𝑿 = 𝒖𝒖𝑖𝑖 =
1
𝑛𝑛
𝟏𝟏𝑛𝑛′ �𝑼𝑼1𝜷𝜷1 + �𝑼𝑼2𝜷𝜷2

where �𝑼𝑼 = 𝑾𝑾𝑾�𝑿𝑿 and is decomposed as �𝑼𝑼 = �𝑼𝑼1, �𝑼𝑼2

• bias �𝜃𝜃 = − 𝑰𝑰𝑁𝑁 − 𝑯𝑯�𝑿𝑿1 𝒘𝒘 ′�𝑿𝑿2𝜷𝜷2 where 𝑯𝑯�𝑿𝑿1 =
�𝑿𝑿1 �𝑿𝑿1′ �𝑿𝑿1

−1�𝑿𝑿1′ is projection matrix onto column space of 
�𝑿𝑿1, and 𝒘𝒘 = 1

𝑛𝑛
𝑾𝑾𝟏𝟏𝑛𝑛
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Details with geometric interpretation…

• Bias of integrated estimator is attenuated sequentially by 
projecting 𝒘𝒘 onto the column space of �𝑿𝑿1

• bias �𝜃𝜃 ≤ ∏𝑖𝑖∈ℐ 𝑰𝑰𝑁𝑁 − 𝑯𝑯�𝑿𝑿1,𝑖𝑖
𝒘𝒘 � �𝑿𝑿2𝜷𝜷2 , ∀ℐ ⊆ 0,1, … ,𝑝𝑝
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Simulation setup: true model and 
historical data sources
Setup Details

True model under control 𝐹𝐹𝑌𝑌|𝑿𝑿 𝑌𝑌
= 𝛽𝛽0 + 𝛽𝛽1𝑋𝑋1 + 𝛽𝛽2𝑋𝑋2 + 𝛽𝛽3𝑋𝑋3 + 𝛽𝛽4𝑋𝑋4 + 𝛽𝛽5𝑋𝑋1𝑋𝑋2
+ 𝛽𝛽6𝑋𝑋32 + 𝜀𝜀

where 𝜷𝜷 = 𝛽𝛽0, … ,𝛽𝛽6 = −5, 5, 1, 1, 1, 0.5, 0.5 and 
𝜀𝜀 ∼ 𝒩𝒩(0,9)

Historical data sources 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3,𝑋𝑋4 𝐾𝐾 = 8 trials with sample sizes 𝑁𝑁𝑘𝑘 =
10, 10, 20, 20, 30, 30, 40, 40
𝑋𝑋1,𝑘𝑘𝑖𝑖 ∼ Ber 𝑝𝑝1,𝑘𝑘 with 𝑝𝑝1,𝑘𝑘 =
0.45, 0.55, 0.4, 0.6, 0.35, 0.65, 0.3, 0.7.

𝑋𝑋2,𝑘𝑘𝑖𝑖 ,𝑋𝑋3,𝑘𝑘𝑖𝑖 ,𝑋𝑋4,𝑘𝑘𝑖𝑖
′ ∼ 𝒩𝒩3 𝜇𝜇2,𝑘𝑘𝑖𝑖 ,𝜇𝜇3,𝑘𝑘𝑖𝑖 ,𝜇𝜇4,𝑘𝑘𝑖𝑖

′,Σ with

𝜇𝜇2,𝑘𝑘𝑖𝑖 ,𝜇𝜇3,𝑘𝑘𝑖𝑖 ,𝜇𝜇4,𝑘𝑘𝑖𝑖 =
3,−2,−2 , 7,2,2 , 3.5,−1.5,−1.5 , 6.5,1.5,1.5 , 4,
6,1,1 , 4.5,−0.5,−0.5 , 5.5,0.5,0.5 and Σ =
1 0.1 0.5

0.1 1 0.1
0.5 0.1 1

Centroid of data sources 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3,𝑋𝑋4 0.5,5,0,0
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Simulation setup: target population 
(under treatment)

Target population scenario Target population 
covariates distribution 
(n=20)

integrated parameter 𝜃𝜃
(averaged over T=100
generated target 
populations)

Scenario 1 (close to 
centroid of data sources)

𝑈𝑈1,𝑖𝑖 ∼ Ber 0.5 , 𝑈𝑈2,𝑖𝑖 ,𝑈𝑈3,𝑖𝑖 ,𝑈𝑈4,𝑖𝑖 𝑾 ∼
𝒩𝒩3 5,0,0 ′,Σ𝑼𝑼 with

Σ𝑼𝑼 =
2 0.2 1

0.2 2 0.2
1 0.2 2

4.771

Scenario 2 (moderately 
deviated from centroid of 
data sources)

𝑈𝑈1,𝑖𝑖 ∼ Ber 0.6 , 𝑈𝑈2,𝑖𝑖 ,𝑈𝑈3,𝑖𝑖 ,𝑈𝑈4,𝑖𝑖 𝑾 ∼
𝒩𝒩3 4,1,−1 ′,Σ𝑼𝑼 with

Σ𝑼𝑼 =
2 1 1.4
1 2 1

1.4 1 2

4.741

Scenario 3 (severely 
deviated from centroid of 
data sources)

𝑈𝑈1,𝑖𝑖 ∼ Ber 0.7 , 𝑈𝑈2,𝑖𝑖 ,𝑈𝑈3,𝑖𝑖 ,𝑈𝑈4,𝑖𝑖 𝑾 ∼
𝒩𝒩3 3,2,−2 ′,Σ𝑼𝑼 with

Σ𝑼𝑼 =
2 1.8 1.8

1.8 2 1.8
1.8 1.8 2

5.481
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Simulation Setup (cont’d)
Simulation approach For each of 𝑇𝑇 = 100 target populations 

generated, repeat 𝑅𝑅 = 1,000 iterations 
where, in each iteration, 𝑿𝑿 is generated for 
K=8 studies per assumed source data 
generating distributions

Methods to compare I. Integrated estimator with correct model 
(oracle model)

II. Pooling
III. Matching: for each subject in target, find 

one in combined data sources with 
minimum 𝑑𝑑 = max

𝑖𝑖=1,2,3
|𝑥𝑥𝑖𝑖𝑣𝑣 − 𝑥𝑥𝑖𝑖𝑢𝑢|

IV. Integrated estimator using linear 
regression with only main effects of 
𝑋𝑋1,𝑋𝑋2,𝑋𝑋3

V. the MAIC approach by Signorovitch et al., 
matching mean of 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3

VI. the meta-analysis approach by Hasegawa 
et al., matching mean of 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3
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Simulation setup: evaluation
Evaluation Details

RMSE (magnitude averaged over T=100 
target populations) 1

𝑇𝑇
�
𝑡𝑡=1

𝑇𝑇
1
𝑅𝑅
�
𝑟𝑟=1

𝑅𝑅

�𝜃𝜃𝑟𝑟
𝑡𝑡 − 𝜃𝜃 𝑡𝑡

2
1/2

Bias (magnitude averaged over T=100 
target populations) 1

𝑇𝑇
�
𝑡𝑡=1

𝑇𝑇
1
𝑅𝑅
�
𝑟𝑟=1

𝑅𝑅

( �𝜃𝜃𝑟𝑟
𝑡𝑡 −𝜃𝜃 𝑡𝑡 )

SE: standard error (magnitude averaged
over T=100 target populations) 1

𝑇𝑇
�
𝑡𝑡=1

𝑇𝑇
1

𝑅𝑅 − 1
�
𝑟𝑟=1

𝑅𝑅

�𝜃𝜃𝑟𝑟
𝑡𝑡 − �𝜃𝜃 𝑡𝑡

2
1/2

Boot.SE: bootstrap standard error 
obtained by sample standard deviation of 
𝐵𝐵 = 100 estimators from bootstrap 
resamples, using the first realization out 
of 𝑅𝑅 = 1,000 iterations (magnitude 
averaged over T=100 target populations)

1
𝑇𝑇
∑𝑡𝑡=1𝑇𝑇 1

𝐵𝐵−1
∑𝑏𝑏=1𝐵𝐵 �𝜃𝜃∗,(𝑡𝑡) 𝑏𝑏 − �𝜃𝜃∗,(𝑡𝑡) �

2 1/2
where  

�𝜃𝜃∗,(𝑡𝑡) � = 1
𝐵𝐵
∑𝑏𝑏=1𝐵𝐵 �𝜃𝜃∗,(𝑡𝑡) 𝑏𝑏 using the data generated 

from 𝑟𝑟 = 1

23



Small sample size simulation results
Scenario 1, average 𝜃𝜃 = 4.617, target close to centroid 
of data sources

Scenario 2, average 𝜃𝜃 = 4.808, target moderately deviated 
from centroid of data sources

Scenario 3, average 𝜃𝜃 = 5.636, target severely deviated 
from centroid of data sources

24

Oracle Pooling Matching Int. Est. Signorovitch Hasegawa

RMSE 0.256 1.013 0.903 0.524 0.533 1.077
Bias 0.006 0.897 0.315 0.421 0.434 0.654
SE 0.256 0.380 0.814 0.264 0.265 0.789

Boot.SE 0.255 - - 0.268 - -

Oracle Pooling Matching Int. Est. Signorovitch Hasegawa

RMSE 0.441 1.363 1.07 0.694 1.072 3.054
Bias 0.011 1.262 0.395 0.453 0.728 1.405
SE 0.441 0.379 0.965 0.469 0.732 2.650

Boot.SE 0.433 - - 0.476 - -

Oracle Pooling Matching Int. Est. Signorovitch Hasegawa

RMSE 0.818 1.588 1.959 1.154 7.060 5.102
Bias 0.018 1.498 0.632 0.715 1.314 1.795
SE 0.818 0.379 1.806 0.827 6.874 4.661

Boot.SE 0.800 - - 0.813 - -



Summary of simulation studies
• Integrated estimator appears robust for population level 

inference, even with certain level of model misspecification
• The bootstrap provides a good approximation to estimate 

standard error of integrated estimator
• Overall integrated estimator has a better bias-variance 

tradeoff and smaller RMSE than conventional pooling and 
matching methods

• Characterizing target population using joint distribution of 
baseline covariate vector improved efficiency compared to 
other data integration approaches that only use marginal 
baseline covariate summaries

• Integrated estimator has robust operating characteristics for 
small sample size (rare disease) situations
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Recap of key ideas

26

Mining of external data on the response~covariate relationship in the 
relevant scope and an integrated estimation for the target population 

strives for a more efficient alternative with better bias-variance 
tradeoff

Pooling, matching, and weighting all offer to estimate overall response 
under control for a target population represented by a current small 

trial

External (historical, RWE, etc) data provides information borrowing 
opportunities to enhance rare disease clinical trial data



More to come on data integration for 
regulatory decision making?

• More opportunities for data integration as 
regulators moving towards more flexibility on 
types of evidence for evaluating 
investigational medicines
– 21st Century Cures Act, Dec 2016
– Framework for FDA’s RWE Program, Dec 2018
– Particularly beneficial to rare disease clinical trials 

where information shortage is most severe
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