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ARTICLE

Comparison of Various Phase I Combination Therapy 
Designs in Oncology for Evaluation of Early Tumor 
Shrinkage Using Simulations

Jérémy Seurat1,*, Pascal Girard2, Kosalaram Goteti3 and France Mentré1

There is still a lack of efficient designs for identifying the dose response in oncology combination therapies in early clinical 
trials. The concentration response relationship can be identified using the early tumor shrinkage time course, which has 
been shown to be a good early response marker of clinical efficacy. The performance of various designs using an exposure–
tumor growth inhibition model was explored using simulations. Different combination effects of new drug M and cetuximab 
(reference therapy) were explored first assuming no effect of M on cetuximab (to investigate the type I error (α)), and subse-
quently assuming additivity or synergy between cetuximab and M. One-arm, two-arm, and four-arm designs were evaluated. 
In the one-arm design, 60 patients received cetuximab + M. In the two-arm design, 30 patients received cetuximab and 30 
received cetuximab + M. In the four-arm design, in addition to cetuximab and cetuximab + M as standard doses, combination 
arms with lower doses of cetuximab were evaluated (15 patients/arm). Model-based predictions or “simulated observations” 
of early tumor shrinkage at week 8 (ETS8) were compared between the different arms. With the same number of individuals, 
the one-arm design showed better statistical power than other designs but led to strong inflation of α in case of misesti-
mated reference for ETS8 value. The two-arm design protected against this misestimation and, with the same total number 
of subjects, would provide higher statistical power than a four-arm design. However, a four-arm design would be helpful for 
exploring more doses of cetuximab in combination with M to better understand the interaction.

Early-phase studies are critical in oncology drug develop-
ment. These trials are frequently designed to evaluate the 
overall response as well as toxicity and pharmacokinetics. 
Go/no go decisions and dose recommendations for fur-
ther studies are based on the results of phase I studies. 

Therefore, the design choice is crucial in the early phase.1 
There is growing interest in the use of combination therapies 
in oncology, especially immuno-oncology.2 The combina-
tion of several agents could have a synergistic effect and 
enhance the antitumor activity. However, toxicities are 
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Study Highlights

WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?
✔  Currently, there is no standard for design choice 
in early clinical studies of combinations treatments in 
immuno-oncology.
WHAT QUESTION DID THIS STUDY ADDRESS?
✔  These clinical trial simulations compared designs for 
the first time in the context of a fixed dose of one agent 
assumed to be optimal while testing different doses of an-
other based on early tumor shrinkage.
WHAT DOES THIS STUDY ADD TO OUR KNOWLEDGE?
✔  Statistical tests performed on individual model-based 
early tumor shrinkage at week 8 values and the one-arm 
design indicate a better power than two-arm or four-arm 
designs, but imply strong assumptions about the historical 
reference value, leading to strong inflation of type I error 
in the case of underestimating the reference. Choosing a 

two-arm or a four-arm design depends on the objective 
of the study: a two-arm design is preferable to a four-arm 
design to achieve a good statistical power, but a four-arm 
design allows better exploration of the combination and 
better dose selection.
HOW MIGHT THIS CHANGE DRUG DISCOVERY, DE-
VELOPMENT, AND/OR THERAPEUTICS?
✔  These simulations show that, in early-phase oncology 
combination studies (with early tumor shrinkage as the 
outcome), the choice of a one-arm design (i.e., without 
a comparator arm) is not appropriate unless the condi-
tions of the clinical trial are similar to those of the refer-
ence treatment or because of ethical reasons. This implies 
strong assumptions about the historical value, and the 
trial could lead to a wrong conclusion if the historical value 
is no longer relevant.
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frequently observed in these studies, especially when che-
motherapies are involved.3 In the past two decades, several 
new targeted therapies, such as monoclonal antibodies, 
with efficacy in cancer subpopulations and limited adverse 
effects compared with traditional therapies have reached 
the market.4 These drugs have recently been tested in many 
combination trials in addition of chemotherapy/radiother-
apy.5,6 However, the designs of clinical trials investigating 
combinations of immune-oncology agents are often based 
on empiricism without clear assumptions about the drug 
interactions. Therefore, the design choice in combination 
trials could be challenging, especially when clinical informa-
tion is only available for single agent given as monotherapy. 
Recommendations have been made concerning the design 
of early studies with a combination of targeted anticancer 
therapies.7 The importance of the assumed pharmacody-
namic drug interaction and the usefulness of biomarkers 
are highlighted in these recommendations. More recent 
recommendations insist on the importance of including 
drug concentrations in the analysis and understanding the 
pharmacokinetic/pharmacodynamic relationships.8 The im-
portance of including biomarker-driven objectives in phase 
I trials has also been shown.9

Among clinical trial end points widely used in oncology, 
overall survival is universally accepted but involves large 
studies with long follow-up, which is not compatible with 
early-phase studies. End points based on tumor assess-
ment can be used. The Response Evaluation Criteria in 
Solid Tumors (RECIST) criteria, widely adopted in oncol-
ogy clinical trials including on targeted therapies, consist of 
four categories that depend on the evolution of tumor size 
(TS).10,11 However, in the field of modeling and simulation 
it seems preferable to use the continuous TS data when 
available rather than RECIST as this would result in a loss 
of information.12,13 Furthermore, the link between the early 
tumor shrinkage (ETS) and overall survival or progression 
free-survival has been proposed as an early efficacy marker 
based on several studies.14–16

Nonlinear mixed effect models (NLMEM) are increasingly 
used to support drug decision making, especially in ear-
ly-phase trials.17 In oncology, these models can be used to 
capture the pharmacokinetics of antitumoral agents or bio-
marker kinetics.18 NLMEM can describe tumor dynamics, 
and several tumor growth models are found in the literature 
such as Gompertz19 or Simeoni.20 Tumor growth inhibition 
(TGI) models including a drug induced decrease in TS are 
used for various types of cancer and antitumoral agents, 
including targeted therapies.15,21 TS (or other biomarkers) 
can also be linked to survival by a joint model.22 However, 
before conducting a trial and modeling the data, it is crucial 
to choose an appropriate design to obtain good precision of 
the parameter estimates and thus precise results. For this 
purpose, model-based clinical trial simulation (CTS) can be 
performed to evaluate and compare designs.

In simulations, we used a combination of candidate drug 
M given on top of cetuximab, a monoclonal antibody tar-
geting the epidermal growth factor receptor of tumor cells23 
that has been approved for metastatic colorectal cancer 
with wild-type RAS and usually given in combination with 

chemotherapy. Several ongoing or completed studies indi-
cate that new combinations including cetuximab could be 
promising for different cancers.24,25 The aim of this study 
was to compare by CTS several combination designs in 
the treatment of refractory colorectal cancer with different 
assumptions about the interaction between cetuximab and 
M. The performances, type I error (α), and power of several 
designs were compared to test the superiority of the combi-
nation treatment to cetuximab alone based on ETS at week 
8 (ETS8). Another objective was to compare, by modeling 
and simulation of exposure–TGI, the test performances on 
predicted ETS8 obtained from the model to the observed 
ETS8.

METHODS

The different models used to perform the simulations were the 
model of pharmacokinetic exposure during the first 8 weeks 
of therapy for each drug and the TGI model. We studied three 
different designs (one arm, two arms, and four arms) in three 
different scenarios: no effect of M, additivity, and synergy. 
Individual ETS8 values were computed as predictions after 
global model fitting, observations, or true values.

Models
Cetuximab and drug M pharmacokinetic exposures. 
Cetuximab has been described by various pharmacokinetic 
models.26,27 A significant influence of body surface area (BSA) 
on clearance of cetuximab has been shown.28 Therefore, it 
is recommended to adjust the dose of cetuximab (DoseC) 
on BSA.29 We assumed a simple model with independent 
clearance with dose, as found in a previous study in patients 
with metastatic colorectal cancer.30 Therefore, cetuximab 
exposure expressed as area under the curve (AUCC) 
integrated over 2 weeks (between two administrations), in 
mg × week/L, was simulated as in Eq. 1.

where CLC is the cetuximab clearance value (CLC) presented 
in Table 1, including BSA effect standardized by 1.85 (i.e., 
the median BSA that was expected before the clinical trial), 
and BSA was simulated according to a lognormal distribu-
tion with a median of 1.75 and m2 and an interindividual 
variability of 10% according to derived BSA distribution in 
previous cetuximab studies.31–33

The current maximal dosing regimen for cetuximab given 
in combination with another treatment is 500  mg per m2 
every 2 weeks. This dosing regimen has a comparable ac-
tivity and safety to the standard dosing regimen.34 A dosing 
regimen of 400 and 200 mg per m2 every 2 weeks were also 
considered in case of combination with drug M.

Concerning the drug M, its area under the curve (AUCM) 
was integrated over 2 weeks (between two administrations) 
and simulated as in Eq. 2:

(1)AUCC:2 weeks=
DoseE(mg∕m2)×BSA(m2)

CLC(L∕week)× (BSA∕1.85)0.75
,

(2)AUCM:2 weeks=
DoseM

CLM
,
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where CLM is the clearance of drug M (CLM) presented in 
Table 1.

Tumor size. Tumor size is defined as the sum of the longest 
diameters of target lesions that are simulated through a TGI 
model.15 The concentration of anticancer antibodies such as 
cetuximab is associated with the response rate.27 A previous 
TGI model was developed based on clinical data from patients 
affected by metastatic colorectal cancer.28 In this analysis, the 
TS dynamics was described by the ordinary differential equation 
(Eq. 3) linking TS and both drug exposures (AUCC and AUCM).

In this model (see Supplementary file), KS is the natural 
growth of TS, KD includes the different pooled drug effects 
on tumor shrinkage, KR represents the constant rate of re-
sistance development, and TS0 is the TS at baseline. KD is 
the sum of KDSoC (for standard of care, chemotherapy), KDC ×  
AUCC (for cetuximab, with KDC the effect of cetuximab), and 
KDM×AUCM×

(

1+
INT×AUCC

INT50+AUCC

)

 (for drug M, with KDM the effect 
of M).

According to Eq. 3, the effect of drug M is the sum of its 
proper effect and its interaction with cetuximab. This inter-
action model is inspired by the global pharmacodynamics 
interaction model.35 Depending on the sign of the interac-
tion parameter (INT), this model is able to capture different 
types of interactions. A positive INT represents synergism, 
a negative INT represents antagonism, and if this parame-
ter is null, the effects of both drugs are additive. Parameter 

values of this model are given in Table 1 based on previous 
reported analysis on cetuximab (excepted KDM and inter-
action parameters) in the treatment of colorectal cancer.28 
The standard of care effect (KDSoC) includes the placebo 
response. KDM is selected from a sensitivity analysis to ob-
tain plausible tumor shrinkage. Two interaction scenarios 
are investigated: additivity in which the two compounds act 
independently and synergy in which the cetuximab expo-
sure increases the drug M effect. The difference between 
these two scenarios in terms of median TS evolution from 
0 to 8 weeks is illustrated in Figure S1.

Let i denote the ith individual (i = 1,…, N) and j the jth TS 
measurement of an individual. The statistical model for the 
TS observation TSij in individual i at time tij is given by Eq. 4.

where f is the TGI model described in Eq. 3, θ i is the vector of 
individual parameters, and ε ij is the residual errors of mean 0 
and of variance proportional to the TS: Var(εij)= f(tij, θi)2×σ2

prop
.  

The random effect model is exponential as θi=μ×exp(ηi),  
where µ is the fixed effect and ηi the random effect, except 
for INT in which the random effect model is additive: θi=μ+ηi. 
The AUCs of both cetuximab and M are simulated assuming a 
constant clearance and used as regressors in the TGI model.

Simulation settings
Designs. We studied three types of design—one arm, two 
arms, or four arms—considering the same total number 
of individuals (N  =  60). Simulated TS are performed at 
predose (baseline) and weeks 2, 4, 6, and 8. The inclusion 
criterion was a baseline TS > 20 mm. Dropout, incomplete 
adherence, missing TS measurements, and protocol 

(3)

dTS

dt
=KS×TS−KD×e−KR×t×TS

KD = KDSoC+KDC×AUCC+KDM×AUCM×

(

1+
INT×AUCC

INT50+AUCC

)

TS(0) =TS0 (4)TSij= f(tij, θi)+εij,

Table 1 Parameter values for area under the curve models of cetuximab and drug M and for the tumor growth inhibition model

Parameter (unit) μ ω 2

Pharmacokinetics models

CLC (L.week−1) 3.9 0.0025

CLM (L.week−1) 5.0 0.01

Tumor growth inhibition model

TS0 (mm) 100a 0.5a

KS (week−1) 0.001 —

KDSoC (week−1) 0.015 1.5

KDC (L × mg−1.week−2) 0.00025a 1.5a

KDM (L × mg−1.week−2) 0.00025a 1a

KR (week−1) 0.2 1

Interaction parameters Additivity Synergy Additivity Synergy

INT 0 2a — 0.16a

INT50 (mg × week/L) — 75 — —

Correlations

Cov(ηKR,ηKDC) 1a (ρ = 0.82)

Residual error

σ2
prop

0.023a

μ are the fixed effects, ω2 the variance of random effects η, and σ2 the variance of residuals.
CLC, cetuximab clearance value; CLM, clearance of drug M; Cov, covariance; INT, interaction parameter; INT50, exposure needed for 50% of interaction maxi-
mal effect; KDC, effect of drug cetuximab; KDM, effect of drug M; KDSoC, standard of care effect; KR, constant rate of resistance development; KS, natural 
growth of TS; L.week-1, Litre.week-1; η, random effects; TS0, tumor size at baseline.
aEstimated parameter.
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deviations were not considered. The therapy for all 
patients included a standard of care, which is omitted next 
for simplification. Simulations were performed using R 
software (R Foundation for Statistical Computing, Vienna, 
Austria) version 3.4.3., specifically, packages mvtnorm to 
generate individual parameters36 and deSolve to simulate 
longitudinal data.37 Simulated TS < 10 mm were censored 
and considered to be below the limit of quantification. The 
dosing regimens of cetuximab and drug M for each possible 
design are described in the following paragraphs. The 
dose of M was assumed to be fixed. For each design and 
each interaction scenario, 500 data sets were simulated.

One-arm: M  +  C500. In the one-arm design, the N  =  60 
patients were allocated to a combination M + C500: drug M 
and cetuximab. The dosing regimen was fixed for each drug: 
cetuximab at 500 mg/m2 every 2 weeks (C500) and drug M at 
its standard dose.

Two-arm: C500/M  +  C500. In the two-arm design, the 
N = 60 patients were randomized among the two possible 
arms: cetuximab “alone” (C500) or M + C500, resulting in 
30 patients in each arm. Typical simulated data for patients 
in the two arms for the additivity and synergy scenarios are 
presented in Figure S2.

Four-arm: C500/M  ±  C200/M  ±  C400/M  +  C500. In the 
four-arm design, two combination arms with lower doses 
of cetuximab were considered (M + C400 and M + C200) 
in addition to C500 and M + C500. In the lower dose arms, 
the dose of C was 400 mg/m2 (C400) or 200 mg/m2 every 
2 weeks. Each arm included 15 patients.

Scenarios of the effect of M  +  C. Three scenarios 
concerning the effect of M and the interaction between M 
and C were considered. To investigate the type I error of 
tests (superiority of M + cetuximab vs. cetuximab alone), a 
first scenario without an effect of drug M (i.e., with KDM = 0) 
was studied. In the other two scenarios, an effect of M 
(μKDM  =  0.00025) was implemented. These two scenarios 
differ in the interaction between M and cetuximab: additivity 
(INT = 0) or synergy (μINT = 2).

Analysis
Predictions, observations, and true individual ETS8 
values. For each individual i, ETS8 is expressed as a 
percentage and calculated as in Eq. 5.

where TSi(0) and TSi(8) are individual TS at baseline and 
after 8 weeks of treatment, respectively. Predicted (IPRED), 
observed (OBS), and true (TRUE) ETS8 are calculated using 
predictions, observations, and true individual TS at both 
week 0 and week 8, respectively, as described in the next 
paragraphs.

Individual predictions (IPRED) were obtained from mod-
el-based parameters. Parameters with a superscript letter in 
Table 1 are estimated based on the TGI model (Eq. 1) by fitting 

the simulated data using the SAEM (Stochastic Approximation 
Expectation-Maximization) algorithm38 in MONOLIX 2018R2 
software (Lixoft, Antony, France). MONOLIX runs were per-
formed with five Markov chains, a minimum of 500 iterations 
during the exploratory phase and a minimum of 200 itera-
tions during the smoothing phase. An adequate method is 
used to account for below the limit of quantification data.39 
TS individual predictions at baseline and week 8 were ob-
tained using the mode of empirical Bayes estimates of the 
individual parameters. In the synergy model, the μINT and its 
interindividual variability ωINT were estimated, whereas in the 
additivity model they were fixed to 0. Simulated data without 
an effect of M were refitted for both the additivity and syn-
ergy models to evaluate the type I error for each assumed 
interaction.

Individual simulated TS observations (OBS) were directly 
calculated from the simulated TS values plus residual error 
while true individual TSs (TRUE) were simply derived from 
individual parameters without residual error. It is important to 
realize that true values are not observed in a real clinical trial. 
An example of OBS, IPRED, and TRUE TSs in one individual 
is illustrated in Figure S3.

Design evaluation. The performances of each design 
were evaluated and compared in terms of type I error and 
power to detect the superiority of the combination (drug 
M  +  cetuximab) to cetuximab based on the ETS8 values 
(OBS, IPRED, and TRUE). The statistical tests described in 
the next paragraphs were two-sided using α = 5%.

For the one-arm design, as all the individuals were al-
located to the combination arm, individual ETS8 values 
were compared with a reference ETS8 for cetuximab 
alone from historical data using a one-sample Wilcoxon 
test. Different scenarios were investigated concerning the 
reference in which the historical value is either not valid 
(lower or higher than true, due, e.g., to standard of care 
changes or differences in patient cohorts) or true for this 
reference ETS8. In this study, the reference value was 
29%, (i.e., the median of all individual simulated ETS8 
values with C500).

For the randomized trial with two arms, C500 and cetux-
imab + M, a two-sample Wilcoxon test was performed to 
compare the ETS8 values of individuals from each arm.

In the four-arm design, a global Kruskal–Wallis test was 
performed first to compare the ETS8 values between the 
four arms. If a difference between at least two arms was 
detected by this global test, a Dunnett test was performed 
to compare each combination arm to the reference C500 
alone using a Benjamini–Hochberg procedure to account for 
multiplicity of tests.40

From the data sets simulated without an effect of drug 
M (KDM = 0, i.e., under H0), the type I error was evaluated 
as the proportion of trials for which H0 is rejected and 
compared to the nominal value of 5%. The 95% predic-
tion interval for proportion π of H0 rejection (type I error or 
power) is given by binomial law41 ((3.3%, 7.3%) with 500 
data sets). From the data sets simulated with an effect of 
drug M (additivity or synergy scenario, i.e., under H1), the 
power of the tests was evaluated as the proportion of trials 
for which H0 is rejected.

(5)ETS8i=
(TSi(0)−TSi(8))

TSi(0)
×100,
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RESULTS

First, we checked whether model-based ETS8 values 
(IPRED) were overpredicting or underpredicting the true 
values. Overall, ETS8 are distributed accurately around 
the identity line for each design and under both additivity 
and synergy scenarios. However, a trend of overpredicted 
values for ETS8 < 25% is shown, although it seems to not 
be influenced by the scenario, design, or treatment arm 
(Figure S4).

One-arm: M + C500
For the one-arm design, the ETS8 values for patients were 
compared to an ETS8 value for current reference therapy 
obtained from historical data. Distributions of individual 
ETS8 (OBS, IPRED, and TRUE) are presented in Figure 1 
in the cases of additivity and synergy. The median of OBS, 
IPRED, and TRUE ETS8 values were close to each other 
in each scenario. The observed median ETS8 was 43% 
for additivity and 55% for synergy, whereas the reference 
ETS8 for cetuximab alone was 29%. According to our 
model and simulation settings, assuming additivity, almost 
three of four patients had greater tumor shrinkage at week 
8 than those of reference treatment. These boxplots enable 
us to see the interindividual variability in ETS8. As predic-
tions account for residual error, the 5th to 95th percentile of 
ETS8 is narrower for IPRED (from 23% to 78% for additivity 
and from 28% to 92% for synergy) than OBS (from 3% to 
78% for additivity and from 13% to 89% for synergy). In 
both scenarios, the distribution of predictions seems to be 
more representative of true values than observations.

With this one-arm design, as the ETS8 distribution is 
only known for M + C500, a one-sample Wilcoxon test was 
performed (Table 2). Using observed data and assuming a 
reliable ETS8 reference value under C500 (in our case 29%), 
the type I error is controlled (5.6%) as it lies in the predic-
tion interval around the nominal value α = 5%. However, the 
type I error is not controlled using model-based predictions 
(12.6% for additivity and 13.2% for synergy), which is partly 
attributed to a lack of identifiability between the M and cetux-
imab effect. Overall, assuming a reliable reference, good 
power (at least 89%) is reached using either OBS or IPRED.

In this kind of design, for multiple possible reasons, the 
assumed reference value from historical data could be 

wrong. Therefore, we investigated the type I error and power 
with lower (25% and 20%) and higher (35% and 40%) ETS8 
reference values. Performing a two-sided Wilcoxon test, the 
type I error was inflated in cases using either OBS or TRUE. 
For example, if we compare the ETS8 distribution to 20% 
instead of 29%, we wrongly conclude to superiority of the 
combination in more than the half of the CTS using observa-
tions or predictions. Moreover, assuming a higher reference 
value than true leads to a lack of power. For example, in the 
additivity scenario, assuming a reference value of 35% leads 
to a power of 45.2% using observations (instead of 89.0% 
with the real reference value).

Two-arms: C500/M + C500
For the randomized two-arm design, the distribution of in-
dividual ETS8 (OBS, IPRED, and TRUE) values in each arm 
is shown in Figure  2 for additivity and synergy. As with 
the one-arm design, the median OBS, IPRED, and TRUE 
ETS8 values are close to each other in each arm and each 
scenario. For C500, the median ETS8 is  ~  29% (i.e., the 
reference value in the one-arm design) and for M + C500, 
the median ETS8 is ~ 43% with additivity and ~ 55% with 
synergy. Notably, with C500, more than 1 of 10 patients 
presented a negative observed ETS8 (i.e., increasing TS 
between weeks 0 and 8), whereas none of the individu-
als had a true negative ETS8 under this therapy with our 
simulation settings, which is captured well using predicted 
ETS8. The IPRED distribution of C500 seems to be similar 
between the two scenarios. This indicates that the esti-
mated cetuximab specific effect is not influenced by the 
model or the scenario, as in the simulated data, and allows 
for comparison between the scenarios. As with the individ-
uals given M + C500 in the one-arm design, the variability 
in ETS8 is considerable with C500 in the two-arm designs, 
especially in OBS (the 5th to 95th percentile extends from 
−12% to 65%). Therefore, the difference in ETS8 distribu-
tion between the two arms is difficult to distinguish in the 
case of additivity. The IPRED distribution is narrower and 
closer to TRUE distribution than OBS.

With this design, comparing ETS8 distributions between 
the two arms by performing two-sample Wilcoxon tests, no 
assumption on ETS8 reference value is required (Table 3). 
Therefore, choosing a two-arm design instead of a one-arm 
design avoids a potential inflation of the type I error. In both 

Figure 1 Boxplots of early tumor shrinkage at week 8 (ETS8) from observations (OBS; solid boxes, left subgroup for each treatment), 
predictions (IPRED; dotted boxes, middle subgroup for each treatment), and true values (TRUE; dashed boxes, right subgroup for 
each treatment) in the one-arm design (combination M + C500). The blue horizontal line is the true median ETS8 (29%) of the historical 
reference treatment. Whiskers indicate 5th to 95th percentiles.
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additivity and synergy scenarios and using either observed 
or predicted ETS8, the type I error is well controlled as it 
lies in the 95% prediction interval (3.3%–7.3%). Compared 
with the previous design, there is a decrease in power in the 
additivity scenario (using OBS: 66.6% vs. 89.0% in one-arm 
design). This result is explained by having only 30 patients 
per arm (vs. 60 in the one-arm design). Nevertheless, this 
design remains powerful in the case of synergy (using OBS: 
97.4% vs. 100% in the one-arm design). Moreover, in each 
scenario, using the model-based ETS8 value leads to a 
slight increase in power compared with using the raw data. 
For example, the power in the additivity scenario was 69.2% 
using IPRED.

Four-arms: C500/M + C500/M + C400/M + C200
For the four-arm design, the distributions of individual ETS8 
values (OBS, IPRED, and TRUE) in each of the arms are 
presented in Figure 3 for additivity and synergy. The IPRED 
distribution seems to be closer to TRUE than OBS, espe-
cially for extreme percentiles, except in the C500 arm. As 
expected, the distributions of C500 and M + C200 are close 
to each other for additivity. Moreover, in synergy, the ETS8 
distribution is close between the two combination arms 
with the higher doses of cetuximab.

Type I error and power are presented in Table 4. Performing 
a global Kruskal–Wallis to detect a difference between 
the ETS8 distributions of the four arms, more power was 

Table 2 Type I error and power of tests in one-arm design

Theoretical median of 
ETS8 from historical data 
(%)

Additivity Synergy

Type I error (%) Power (%) Type I error (%) Power (%)

OBS IPRED TRUE OBS IPRED TRUE OBS IPRED TRUE OBS IPRED TRUE

Lower than true 20 56.6 79.4 68.6 100.0 100.0 100.0 56.6 60.2 68.6 100.0 100.0 100.0

25 13.2 34.2 18.0 98.6 99.6 99.8 13.2 34.2 18.0 100.0 100.0 100.0

True reference 29 5.6 12.6 6.0 89.0 97.6 93.6 5.6 13.2 6.0 100.0 100.0 100.0

Higher than true 35 27.4 31.6 37.4 45.2 70.6 51.0 27.4 32.2 37.4 99.4 100.0 99.8

40 74.8 75.0 82.6 9.8 25.0 10.6 74.8 74.8 82.6 90.2 98.0 93.0

The type I error and power from clinical trial simulations are given as the observed proportion of significant tests performed on early tumor shrinkage at week 
8 (ETS8) from 500 simulated clinical trials. Under H0, the 95% prediction interval from binomial distribution is 3.3%–7.3% for 500 simulations. For the one-
arm design, the number of individuals by data set is N = 60, and all individuals are allocated to the combination arm. The ETS8 distribution (of observations 
(OBS), predictions (IPRED), or true values (TRUE)) is compared with a theoretical median of ETS8 under cetuximab alone, performing a one-sample Wilcoxon 
test (two-sided, α = 5%). Different possible theoretical median of ETS8 values (true or not) are investigated. Two possible drug interactions are considered: 
additivity and synergy (see Models section).

Figure 2 Boxplots of early tumor shrinkage at week 8 (ETS8) from observations (OBS; solid boxes, left subgroup for each treatment), 
predictions (IPRED; dotted boxes, middle subgroup for each treatment), and true values (TRUE; dashed boxes, right subgroup for each 
treatment) in the two-arm design. Whiskers indicate 5th to 95th percentiles. C500 is cetuximab alone vs. the combination treatment 
(M + C500).

Table 3 Type I error and power of tests in two-arm design

Additivity Synergy

Type I error (%) Power (%) Type I error (%) Power (%)

OBS 6.2 66.6 6.2 97.4

IPRED 6.2 69.2 7.0 98.6

TRUE 6.2 89.0 6.2 99.8

The type I error and power from clinical trial simulations are given as the observed proportion of significant tests performed on early tumor shrinkage at 
week 8 (ETS8) from 500 simulated clinical trials. Under H0, the 95% prediction interval from binomial distribution is 3.3%–7.3% for 500 simulations. For the 
two-arms design, 30 patients are allocated to the combination arm, and 30 are allocated to cetuximab alone. The ETS8 distributions (of observations (OBS), 
predictions (IPRED), or true values (TRUE)) are compared between the two arms, performing a two-sample Wilcoxon test (two-sided, α = 5%). Two possible 
drug interactions are considered: additivity and synergy (see Models section).
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obtained in the synergy scenario than the additivity scenario. 
For example, using observed ETS8, the power was 69.4% 
in synergy vs. 30.2% in additivity. If the global test was sig-
nificant, a Dunnett test was performed, comparing the ETS8 
distribution in each of the three combination arms to those 
of the reference arm C500. Under the null hypothesis, if we 
compare the distribution of ETS8 for C500 and M + C500, 
the Dunnett test was conservative compared with a single 
Wilcoxon test, the type I error using observations was 2% 
with this procedure in the four-arm design vs. 6.2% for the 
Wilcoxon test in the two-arm design. Therefore, in the additiv-
ity scenario, the power to detect the superiority of M + C500 
vs. C500 decreased to 19.8% using observations and 25.6% 

using predictions (vs. 66.6% and 69.2% in two-arm design, 
respectively), which is partly explained by the lesser num-
ber of patients per arm (15 vs. 30). Nevertheless, in synergy 
and using model-based ETS8, we achieved 65.4% power to 
detect the superiority for M + C500 and 52% for M + C400. 
Thus, under certain conditions, this design is interesting for 
exploring other doses in the combination of two drugs.

DISCUSSION

This work compares designs for early clinical combination 
trials in oncology in the context of a fixed dose of one agent 
and different doses of another with the same number of 

Figure 3 Boxplots of early tumor shrinkage at week 8 (ETS8) from observations (OBS; solid boxes, left subgroup for each treatment), 
predictions (IPRED; dotted boxes, middle subgroup for each treatment), and true values (TRUE; dashed boxes, right subgroup for each 
treatment) in the four-arm design. Whiskers indicate 5th to 95th percentiles. C500 is cetuximab alone, and M + C200, M + C400, and 
M + C500 are combination treatments.

Table 4 Type I error and power of tests in four-arm design

Additivity Synergy

Power of Kruskal–Wallis test (%)

OBS 30.2 69.4

IPRED 52.0 76.6

TRUE 44.0 87.8

Type I error of Dunnett test (%) C500 vs. M + C500

OBS 1.6 1.6

IPRED 2.0 2.0

TRUE 2.4 2.4

C500 vs. 
M + C200

C500 vs. 
M + C400

C500 vs. 
M + C500

C500 vs. 
M + C200

C500 vs. 
M + C400

C500 vs. 
M + C500

Power of Dunnett test (%)

OBS 3.0 13.0 19.8 26.4 51.8 60.2

IPRED 5.4 13.2 25.6 18.6 52.0 65.4

TRUE 4.0 19.8 29.2 34.0 70.4 79.0

The type I error and power from clinical trial simulations are given as the observed proportion of significant tests performed on early tumor shrinkage at 
week 8 (ETS8) from 500 simulated clinical trials. For the four-arms design, 15 patients are allocated to each arm. The ETS8 distributions (of observations 
(OBS), predictions (IPRED), or true values (TRUE)) are compared between the arms, performing first a global Kruskal–Wallis test (two-sided, α = 5%), then, 
if the global test is significant, a Dunnett test where distribution of each combination arm (M + C200, M + C400, and M + C500) is compared with those of 
cetuximab alone (C500). Two possible drug interactions are considered: additivity and synergy (see Models section).
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subjects and based on ETS. The one-arm design leads to 
inflation of type I error in the case of a misestimated ref-
erence value, as reported previously.42 Therefore, before 
the analysis of data from a one-arm design, we should 
ensure that the conditions of the study are similar to the 
reference study. With the same number of subjects and 
an accurate reference value, the power of a one-arm de-
sign is higher than that of a two-arm design. However, to 
avoid the risk of an inaccurate reference value, a two-arm 
randomized design including an arm with the reference 
therapy is preferable. Such a design conducts to control 
the type I error. Another possibility is to choose a four-arm 
design with different possible dosing regimens. Although 
with the same total number of patients a two-arm design 
leads to a greater power of tests, a four-arm design offers 
more accurate dose selection.

Our work aimed to show simulations in an ideal setting 
in order to facilitate the interpretation of the results. In 
these simulations, we did not account for possible incom-
plete adherence, missing data, protocol deviations (e.g., 
timing of TS measurements), or dropout. It would be in-
teresting to incorporate these design departures in future 
simulations and analyses to mimic a real clinical study.43 
Nevertheless, most of these departures are not prepon-
derant in the first 8 weeks of a trial and therefore should 
not change drastically our simulation results. In this study, 
exposure to cetuximab was simulated from a previous 
pharmacokinetics model28 that included a BSA effect on 
clearance but other covariates, such as normal fat mass, 
would be more physiological.44 Moreover, the allometric 
coefficient of 0.75 (used for the BSA effect in the model) 
would be more appropriate with the normal fat mass. In 
our study, the clearance of M was not influenced by any 
covariate, but the effect of body weight or the normal fat 
mass could have been considered. In the model that we 
used, we assumed linear effects in the exposure ranges of 
cetuximab and M based on previous models in which the 
maximal effect (Emax) could not be estimated. However, 
it would be relevant to explore more mechanistic models 
and assume nonlinear effects, as is the case for the inter-
action between cetuximab and M in the model. The TGI 
model involves a global resistance parameter KR. It would 
be relevant to associate different resistance parameters 
with each drug and its exposure.

Using NLMEM to analyze longitudinal data is a promising 
tool, especially when the outcome is based on TS. Tumor 
measurements are notably influenced by scan variability and 
the individual reviewing the image, which may result in noise 
in the data45 and a loss of power. The NLMEM accounts for 
the information from the longitudinal data, which were five 
TS measurements in our study, and allows estimation of the 
residual error, including the noise in the data. Therefore, per-
forming tests based on model-based predictions can lead to 
better power than observations. For example, in our two-arm 
design with the additivity scenario, the power using mod-
el-based ETS8 was 69.2% vs. 66.6% using observations.

In this study, ETS was chosen as outcome. We could 
also dichotomize ETS as responder or nonresponder out-
come. Different thresholds can be chosen to separate the 
patients depending on their ETS.46 We can dichotomize the 

subjects as responders if ETS8 ≥ 30% or nonresponder if 
ETS8 < 30%, which corresponds roughly to a complete or 
partial response vs. stable or progressive disease according 
to the RECIST criteria. With this binary outcome, in our two-
arm design and additivity scenario, the power of Fisher’s 
exact test was 46.4% instead of 69.2% with the Wilcoxon 
test of continuous model-based ETS8 values.

Guidelines highlight the importance of design choice 
for an early-phase combination trial in oncology and 
that assumptions and knowledge about pharmacoki-
netic/pharmacodynamic interactions should be taken 
into account to select the most effective trial design.47 
There is no standard design for combination studies, and 
designs that include randomization helps to define the ef-
fect of the combination vs. one or both of the individual 
components.1

We plan to extend this work to perform model-based 
adaptive two-stage designs48,49 using the Fisher information 
matrix to optimize the second stage of the study50 in which 
different dose arms could also be added or dropped at the 
end of the first stage.

Supporting Information. Supplementary information accompa-
nies this paper on the CPT: Pharmacometrics & Systems Pharmacology 
website (www.psp-journal.com).
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