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An overview of drug development 
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Subgroup analyses in drug development 
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Subgroup analyses 
Standard model 

 
𝐸 𝑌 𝑋, 𝑇 = ℎ 𝑋 + 𝒈 𝑿 T 

• T: treatment variable 

• X: Baseline covariates or biomarkers 

• h(X) includes prognostic effects and describes natural disease progression 

• g(X) includes predictive effects and describes the treatment effect 

 

Aim of subgroup analyses: recover information about g(X) 

Main challenges 

 Sample size often insufficient for comparing subgroups (lack of power) 

 High chance of false positives, e.g. finding subgroup effects in noise 

 Modeling covariate interactions 

 Obtaining a reliable treatment effect estimate in subgroups after subgroup search  

(avoiding selection bias) 

 

 

 

 

 



Many approaches for subgroup identification use either 

 Penalized regression methods 

• Parametric: make assumption about the relationship of covariates to 
outcome (often linear relationship) 

• Standard approach for problems with many covariates and small sample 
size 

• Can be used for variable selection, e.g. identifying predictive covariates 

• Subgroups identified based on individual treatment effect estimates 

 Tree-based recursive partitioning methods 

• Can implicitly handle interactions between covariates 

• Automatically partition  patients in to subgroups, e.g. finding cut-offs is 
part of the method 

• Mostly nonparametric 
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Approaches in the literature for exploratory 
analyses 



Recursive partitioning 

General concept of most RP 
methods: 

 At each node identify best 
covariate and best cutpoint 
based on some criterion and 
split if criterion is above 
threshold 

 Possibly prune tree in the end to 
control complexity and use 
resampling to obtain unbiased 
treatment effect estimates or 
adjusted p-values 

 Terminal nodes are candidate 
subgroups 
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Subgroup analyses 
Standard model 

 
𝐸 𝑌 𝑋, 𝑇 = ℎ 𝑋 + 𝒈 𝑿 T 

• T: treatment variable 

• X: Baseline covariates or biomarkers 

• h(X) includes prognostic effects and describes placebo effect 

• g(X) includes predictive effects and describes treatment effect 

 

Existing methods usually assume that T is a binary variable and that there are 
only two arms in the trial 

 

What if there are multiple (active) treatment arms? 

 

 

 

 

 



Main characteristics of Phase II dose-finding studies 

 Multiple treatment arms, usually 4-7 different doses of the same 
treatment 

 Main aim of the studies is proving the general efficacy of the treatment 
and estimating dose-response curves 

 Models used are often non-linear 

What about subgroup analyses for dose-finding Studies? 

 Happen in Phase II and play a role in decision making regarding 
further development 

 Haven’t been considered so far in the literature 
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Subgroup analyses for dose-finding studies  
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 Consider for example the commonly used Emax model 

 

10 

Emax model 

 

In the subgroup analysis setting we 

might assume that the parameters are 

not the same for all patients and depend 

on covariates, leading to a model  
 

𝐸 𝑌 𝑑𝑜𝑠𝑒 = 𝐸0(𝑋) + 𝑬𝒎𝒂𝒙(𝑿)
𝑑𝑜𝑠𝑒

𝑬𝑫𝟓𝟎(𝑿) + 𝑑𝑜𝑠𝑒
 

 

𝐸 𝑌 𝑑𝑜𝑠𝑒 = 𝐸0 + 𝐸𝑚𝑎𝑥

𝑑𝑜𝑠𝑒

𝐸𝐷50 + 𝑑𝑜𝑠𝑒
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             Subgroups with different 𝐸𝐷50 parameters 

11 

Two kinds of subgroups  
Subgroups that require different doses 
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             Subgroups with different 𝐸𝑚𝑎𝑥 parameters 
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Two kinds of subgroups  
Subgroups with differences in (maximum) efficacy 
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Since identifying both kinds of subgroups could be of 
interest, ideally a subgroup identification method for Dose-
Finding trials should identify subgroups based on 
differences in both 𝐸𝐷50 and 𝐸𝑚𝑎𝑥 and retain a parametric 
model 

Attractive in this context: model-based recursive partitioning 
(Zeileis et al. (2008)): 

 RP method, that fits a parametric model in each node and splits based 
on instability in parameter estimates 

 Separate model in each resulting terminal node 

 Not specifically designed for subgroup identification but has been 
used in the two-arm setting (Seibold and Hothorn, 2016) 
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Model based recursive partitioning 
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Model: 𝑴 𝒀, 𝒁 , 𝝑  

 𝑌: response, 𝑍: model variables (e.g treatment variables, additional baseline 
covariates,...) 

 𝝑: parameter vector  

Partitioning variables: 𝑋1 , … , 𝑋𝐾  

 Used to partition the data and fit a segmented model (if this improves model fit) 

Algorithm (at each node) : 

1. Fit the model by minimizing objective function (log-likelihood, RSS,...) 

2. Test for instability of parameter estimates regarding any of the variables 𝑋1, … , 𝑋𝐾  

3. Choose the variable 𝑋𝑗  associated with highest instability for splitting 

• If p-value for 𝑿𝒋 is below significance level α: choose split over 𝑋𝑗 , which 

minimizes objective function in the two daughter nodes 

• Else: no further splits at this node, node is terminal 
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Mob algorithm 
High level overview 
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Emax model for (normally distributed data) from a dose-finding trial in this framework 

Model: 𝑴 𝒀,𝑫 ,𝝑 ∶  𝒀𝒊~𝑵(𝑬𝟎 + 𝑬𝒎𝒂𝒙
𝑫𝒊

𝑬𝑫𝟓𝟎+𝑫𝒊
, σ𝟐), i=1,...,n, 

Partitioning variables:  𝑋1 , … , 𝑋𝐾   

 

 𝑌: outcome of interest, 𝐷: dose received 

  𝑋1 , … , 𝑋𝐾 : Baseline covariates for which interactions with the treatment would be plausible (biomarkers, demographic 
variables, disease severity,...) 

 𝝑 = (𝐸0, 𝐸𝐷50, 𝐸𝑚𝑎𝑥)
′ (parameter vector) 

 

 ᴪ( 𝑌𝑖 , 𝐷𝑖 , 𝝑) =  [𝑌𝑖  − (𝐸0+ 𝐸𝑚𝑎𝑥
𝐷𝑖

𝐸𝐷50+𝐷𝑖
)] 

2
𝑛
𝑖=1  (objective function) 


𝜕ᴪ( 𝑌𝑖 ,𝐷𝑖 ,𝝑)

𝜕𝝑
≔ ψ( 𝑌𝑖, 𝐷𝑖 , 𝝑) = −2[𝑌𝑖  − (𝐸0+ 𝐸𝑚𝑎𝑥

𝐷𝑖

𝐸𝐷50+𝐷𝑖
)]

1
𝐷𝑖

𝐸𝐷50+𝐷𝑖

−𝐸𝑚𝑎𝑥
𝐷𝑖

(𝐸𝐷50+𝐷𝑖)

 (score function) 
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Mob for dose-response data 



Estimate the parameter vector by minimizing obj. function ᴪ 

𝝑 = arg min
        𝝑

 ᴪ 𝑦,𝑑 𝑖 , 𝝑

𝑁

𝑖=1
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Mob for dose-response data 
1. Fitting the model 



Test for independence between covariates and scores with null 
hypotheses: 

𝐻0
𝑗𝑝:  ψϑ𝑝( 𝒀,𝒁 ,𝝑)  ⊥  𝑋𝑗, 𝑗 = 1,… ,𝐾, 𝑝 = 1,… , 𝑃 

 P: dimension of parameter vector 

 ψ𝜗𝑝
( 𝒀, 𝒁 , 𝝑) : Partial score function, e.g. partial derivative of the objective function with 

respect to parameter 𝜗𝑝. 

Idea of the test: 

 Order the scores based on values of 𝑋𝑗 , under null hypothesis scores should fluctuate 

randomly around zero 

 Test statistic: functional of the partial sum process of scores ordered by 𝑋𝑗  

 Bonferroni can be used to correct for multiple testing 

 Possible to only test on specific parameters 
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2. Instability test 
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Mob for dose-response data 
2. Instability test 
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Mob for dose-response data 
2. Instability test 
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Mob for dose-response data 
3. Splitting step 

𝑝1 <  α? 
No 

No split 

Yes 

Find best 

cutoff c for 𝑋1 

Step 1 Step 1 
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Mob tree 
Final output 
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Implementation into model-based recursive partitioning 
possible, but can we use this to identify subgroups for dose-
response data? 

Simulation study to answer main questions: 

 Does the algorithm find good partitions that actually 
improve the model fit, when models are non-linear? 

 Is the algorithm able to detect the correct covariate effects 
reliably? 

 Can mob distinguish prognostic and predictive covariates? 
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Mob applied to Dose-Finding trials 



 Emax dose-response model fitted to the glycobrom data: E0 = 1.2, Emax = 

0.17, ED50 = 18 

 5 dose levels: 0 (placebo), 12.5, 25, 50, 100 

 n = 250 (50 on each dose level) 

  Baseline covariates 𝑋1, … , 𝑋10 iid. N(0, 1) 
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Simulation scenarios 

Case  E0 Emax ED50 

1 – Null 1.2 0.17 18 

2 – E0 1.2 + 0.1I1 + 0.1I3 0.17 18 

3 –Emax 1.2  0.17 – 0.17 * I1 + 0.17 * I2 18 

4 –ED50  1.2  0.17 18 * 0.2^I1 * 5^I2 

5 – E0 & Emax & ED50 1.2 + 0.1I1 + 0.1I3 
0.17 + 0.17 * I1 * I2 – 0.17 * 

(1 – I1) * (1 – I2) 
18 * 0.2^I1 

where Ii is defined as Ii = I(xi > 0) 



Ideally partitioning the data should improve the model fit, if 
covariate effects are present. 

Compare fit of Emax models on three different partitions 

1. Global: Unpartitioned dataset 

2. Bestpart: True partition 

3. Mob: Partition as found by mob algorithm 

Procedure to evaluate model fit: 

 Fit model on a small simulated dataset (n = 250) 

 Evaluate the log-Likelihood of this model on a large (n = 10000) 
simulated dataset 
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Does partitioning improve the model fit? 
A “proof of concept” 
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Log-Likelihood on test set (n =10000) 
Median and 10% and 90%-quantiles over 5000 simulations 



Run mob on simulated trials and assess composition of 
trees 

 Frequency of splits over x1, x2, x3, which are either 
prognostic, predictive or noise (depending on the case) 

 Frequency of a trivial tree, e.g. no splits 

 Compare effect of restricting splitting only to 𝐸𝐷50 and 
𝐸𝑚𝑎𝑥 (instead of all parameters) 
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Are covariate effects detected reliably? 



 Composition of the mob trees 
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Does the algorithm identify the correct subgroups? 
Which variables are used to build the tree? 



Data from a Phase II trial with multiple dose arms of the same 

treatment: 

• N = 270  

• Dose levels: 0, 25, 50, 100 

• Continuous endpoint (change from baseline) 

• 10 baseline covariates measured, 6 categorical, 4 continuous 

28 

Clinical trial example 
Applying our method in practice 

• Primary analysis suggests clear 

dose-response trend 

• Baseline covariates are 

suspected to have an effect on 

the dose-response curve 

            exploratory subgroups 

analyses performed 
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• We use mob with an Emax model and specify the 10 

baseline covariates as partitioning variables 

• Result: Two subgroups found: z7 = 1 (n = 72), z7 = 2 (n = 

198) 
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Exploratory subgroup analysis 
Using mob 
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 Model-based recursive partitioning can be used to 
combine exploratory subgroup analyses via recursive 
partitioning and dose-finding models 

• Can be seen as an adaptive method that tries to balance bias and 
variance 

• Reduced chance for false positives 

• Improves individual estimation of treatment effects and MED, if 
covariate effects are present 

• Parameter restriction can be used to distinguish prognostic and 
predictive covariates 

 Algorithms implemented in the partykit package for R 
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Conclusions 
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