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Abstract

Background and objective: The continual reassessment method (CRM) is a model-based dose-finding design for single-agent phase
I oncology trials. With the advance of targeted therapies in oncology, more and more phase I trials investigate drug combinations
rather than a single agent in order to find one or more maximum tolerated dose combinations. Several designs have been proposed
for such dose-finding trials but only a few software packages are available to implement them. One of the designs is the two-
dimensional Bayesian CRM proposed by Wang and Ivanova. We aimed at providing an easy-to-use program to implement this
design.
Methods: We developed a new SAS macro, CRM2DIM, for implementing this design. This macro can be used to run a phase I
dose-finding trial for two-drug combination and to perform simulations.
Results: We describe the program with its different features including the possibility to run a initial design (start-up rule), to use
either a power or a logistic regression model with or without interaction term and to incorporate historical data. We illustrate its use
through several simulation studies and a fictive trial.
Conclusions: The CRM2DIM macro provides a SAS implementation of the two-dimensional Bayesian CRM for dual-agent phase
I oncology trials. It is an easy-to-use tool including several features. This SAS macro allows statisticians involved in early phases
development a new tool for designing a dual-agent phase I oncology trials.

Keywords: phase I clinical trial, dose-finding, drug combinations, continual reassessment method, SAS MCMC procedure

1. Introduction

Continual reassessment method (CRM) developed by
O’Quigley et al. [1] is a model-based dose-finding design
for single-agent phase I oncology trials. The outcome of
interest is the dose limiting toxicity (DLT) observed during
a fixed time interval from the onset of treatment. The dose
escalation usually starts at the lowest dose. The dose assigned
to new patients is determined after fitting a dose-toxicity model
to all available toxicity data. Some practical modifications
of the CRM and a review of dose-finding methods can be
found in Goodman et al. [2], Iasonos and O’Quigley [3], and
Garrett-Mayer [4]. The Bayesian version of the CRM is more
used than the likelihood-based version.
The CRM and its extensions have been implemented in
R [5], SAS [6] and executable programs [7]. Several
SAS macros implementing CRM, Bayesian model aver-
aging CRM, fractional CRM and time-to-event CRM are
available in Menon and Zink [8]. With the introduction
of the specific SAS MCMC procedure in SAS/STAT 9.2,
a more flexible Bayesian analysis is made possible. An
illustration of this procedure for a Bayesian estimation
of parameters in CRM for a single agent is available at
http://www.pharmasug.org/proceedings/2016/SP/PharmaSUG-
2016-SP06.pdf. The authors reported that the SAS

MCMC procedure yields similar results as the
commonly used dfcrm R package (https://cran.r-
project.org/web/packages/dfcrm/index.html).
With the recent development of targeted therapies in oncology,
there are more phase I dose-finding oncology trials aiming to
evaluate several agents simultaneously (established therapies
with new targeted therapies) to find the maximum tolerated
dose-combination (MTDC). Hence, several designs have been
developed and compared [9, 10]. Riviere et al. [9] compared
different model-based methods and did not show any major
differences, but Hirakawa et al. [10] showed that models
performance differ. In Table 1, we show some available non-
commercial software and open-source programs developed
in R, C/C++. The two-dimensional Bayesian CRM design
proposed by Wang and Ivanova [11] was one of the first phase
I dose-finding designs published for two-drug combination.
It differs from the other model-based dose-finding methods
for two-agent combination phase I trials in terms of the dose-
toxicity model, the estimation method, and the dose-finding
algorithm. To the best of our knowledge, this method is
only implemented in C which is not widespread among the
statistical community (http://www.bios.unc.edu/ aivanova).
In this paper, we present a new SAS macro, CRM2DIM, for
implementing the two-dimensional Bayesian CRM design
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proposed by Wang and Ivanova [11]. In Section 2, we describe
the two-dimensional Bayesian CRM and show how to estimate
the model parameters. Section 3 describes the SAS macro and
its related sub-macros. Section 4 illustrates how to conduct
simulations and run a dual-agent phase I dose-finding trial
using the CRM2DIM macro. In Section 6, we discuss the main
features of this new macro and compare to existing programs.

2. Two-dimensional CRM method

The goal of a single-agent phase I dose-finding trial is to
find the maximum tolerated dose (MTD) defined as a dose
with the probability of toxicity equal to the target toxicity Γ,
usually set at 0.2 or 0.3. When two agents are investigated
there exist many MTDCs. In continuous dose space they make
a contour of maximum tolerated combinations. In discrete
dose space there is a maximum tolerated combination for each
level of one of the agents. Therefore, the most ambitious goal
of a dose-finding trial with dual-agent is to find all MTDCs.
A less ambitious goal, adopted in many dual-agent trials, is
to find a single MTDC. Wang and Ivanova [11] considered
a dose-finding trial with two agents with discrete dose levels
with the goal of finding all MTDCs, one for each level of
the second agent. To achieve this goal, one can simply run
several independent dose-finding trials, one for each level of
the second agent. A more efficient approach proposed by Wang
and Ivanova [11] is to run one trial exploring all combinations
while summarizing data by using a parsimonious model for
toxicity as a function of dual-agent.

2.1. Notation

Let the first agent have I dose levels si, i = 1, . . . , I, and the
second agent have J dose levels t j, j = 1, . . . , J, with I ≥ J. Let
ψ

(
si, t j, θ

)
be the probability of toxicity P

{
Y = 1|si, t j, θ

}
at the

combination (si, t j), where Y is a binary indicator of toxicity and
θ is a vector of unknown parameters. Wang and Ivanova [11]
proposed the following model for the probability of toxicity:

log
[
1 − ψ

(
si, t j, θ

)]
= α log (1 − si) + β log

(
1 − t j

)
+γ log (1 − si) log

(
1 − t j

) (1)

with θ = (α, β, γ), these parameters are defined such that
α > 0, β > 0, γ < 0 to satisfy the assumptions of toxicity
monotonicity ψ

(
si, t j, θ

)
≤ ψ

(
si′ , t j′ , θ

)
when i ≤ i′ and j ≤ j′.

Actually, the model is written using constants ai, i = 1, . . . , I
and b j, j = 1, . . . , J, with I ≥ J:

ψ
(
si, t j, θ

)
= 1 − (1 − ai)α(1 − b j)β+γlog(1−ai) (2)

The constants ai, i = 1, . . . , I and b j, j = 1, . . . , J are the
re-scaled doses si and t j and are specified before the trial. They
are chosen to ensure a good calibration of the dose-toxicity
model and are fixed from initial guesses of toxicity probability
(called also working model or skeleton) for the combination
(si, t j). In addition, we need to specify a prior for the parameter

vector θ = (α, β, γ). One possible way to specify the prior is to
consider three independent exponential priors with mean 1 for
α, β and (−γ). For a model without interaction, γ = 0.

2.2. Dose escalation

The dose escalation/de-escalation algorithm is described as
follows. Assume that k patients have been treated in a trial and
their outcomes observed. After posterior mean of the estimates
of the toxicity probabilities are obtained, the (k + 1)th patient
is treated at a permissible dose combination with the estimated
probability of toxicity closest to the target Γ. If the last assign-
ment was to the combination (si, t j), or (i, j) for simplicity, the
permissible set of combinations is:

(i−1, j), (i+1, j), (i, j−1), (i, j+1), (i, j), (i+1, j−1), (i−1, j+1)

1 ≤ i ≤ I, 1 ≤ j ≤ J

Note that the combination (i + 1, j + 1) is not included because
moving from (i, j) to (i+1, j+1) increases doses of both agents,
possibly exposing patients to a higher risk of toxicity. The trial
is stopped when the total number of patients is reached.

2.3. Start-up rule

An initial design, or a start-up rule, is usually used in single-
agent phase I dose-finding trials before the first toxicity is ob-
served. Such a rule is necessary with likelihood-based CRM
and is optional with Bayesian CRM. In a dual-agent trial with
the goal of finding one MTD for each level of the second agent,
it is recommended to run the start-up until at least one toxicity
is observed at each level of the second agent. In a single-agent
trial the start-up usually starts at the lowest dose. In a dual-
agent trial, the start-up rule initiates at the lowest level of both
agents, i.e. (1, 1). The dose of the first agent is escalated if
no toxicity is observed. If at least one toxicity is observed, the
start-up terminates at the current level of the second agent and
experimentation moves to the next level of the second agent. If
a toxicity was observed at level j of the second agent at dose
i of the first agent, i.e. (i, j), then the next dose combination
is (i − 2, j + 1). That is, the start-up is initiated at dose i − 2
at the next level j + 1. At the conclusion of the start-up, the
dose-toxicity model is fitted to estimate the toxicity probabili-
ties at each combination. The two-dimensional CRM starts at
the lowest level of second agent at a dose combination with the
probability of toxicity closest to Γ.

2.4. Incorporation of historical data

Historical data available from a completed single-agent dose-
finding phase I trials can be included. For instance, if toxicity
data on k patients treated with the first agent in a previous study
is available, incorporating such historical data is performed us-
ing the power prior approach [18, 19]. The power prior is pro-
portional to the likelihood of the historical data raised to the
power of the weight w ∈ [0, 1] multiplied by the initial prior. So,
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Program Authors Functions References and links
Software MDACC BOIN https://biostatistics.mdanderson.org/softwaredownload/

ToxFinder https://biostatistics.mdanderson.org/softwaredownload/

Thall et al. [12]
R package Riviere Dfcomb Riviere et al. [13]

Mander Pipe Mander and Sweeting [14]
Wages Pocrm Wages and Varhegyi [15] http://faculty.virginia.edu/model-based_dose-finding
Braun Run.onesim Braun and Wang [16]

C Wang Wang and Ivanova [11]
C++ Yin Yin and Yuan [17]

Table 1: List of the software and programs implementing statistical methods for designing a dual-agent phase I trial. MDACC: MD Anderson Cancer Center.

these data can be incorporated into the two-dimensional CRM
by multiplying the likelihood of the current data by k∏

l=1

[
ψ(a0

l , b
0
l = 0, θ)

]y0
l
[
1 − ψ(a0

l , b
0
l = 0, θ)

]1−y0
l


w

(3)

with y0
l , the toxicity response of the l-th patient of the histor-

ical data. Several versions of the power prior have been de-
veloped according to whether w is considered as a fixed value
(conditional), as an estimated value (empirical Bayes), or as an
unknown value (full Bayesian approach). We implemented the
conditional power prior. For a model without interaction, the
power prior is: k∏

l=1

[
1 − (1 − ai)α

]y0
l
[
(1 − ai)α

]1−y0
l


w

(4)

The weight w, 0 ≤ w ≤ 1, reflects the quantity of historical in-
formation we incorporate when analysing the current data. This
raises the issue of commensurability between historical and ac-
tual data. When w = 0 no historical data are used in the param-
eters estimation, and all historical data are used with the current
data for the parameters estimation when w = 1. Neuenschwan-
der et al. [20] noted that considering w as an unknown value
may be not appropriate and w should be specified before the
trial.

3. The SAS macro CRM2DIM and its sub-macros

First, we describe the three SAS sub-macros (ESTIMATE,
DEFINE DOSE and REPORT), then, the main SAS macro
CRM2DIM which calls these 3 sub-macros. Note that the value
of the macro variables used in these sub-macros are transparent
for the users. Figure 1 shows the functional block diagram of
the SAS macro CRM2DIM with three main blocks: initializa-
tion, iterative process of the two-dimensional CRM and report-
ing.

3.1. SAS sub-macro ESTIMATE
The SAS sub-macro ESTIMATE allows estimating the pos-

terior mean of toxicity probability for each combination of the

two agents. This sub-macro is exclusively based on the SAS
MCMC procedure. We implemented the model of Wang and
Ivanova [11] with or without interaction as shown in equation
2. We also implemented the 3 or 4-parameter standard logistic
model used by Riviere et al. [13] (See Appendix F). The addi-
tional parameter in each model corresponds to the interaction
term. For each model, the prior distribution of parameters is a
normal or exponential distribution with different variances.
The SAS macro ESTIMATE creates a new SAS data set called
sum containing the variables p post1 mean to p postk mean
corresponding to the posterior mean of toxicity probability for
each combination of the two agents. This SAS data set is then
merged with the raw data set. Refer to the macro variables
dist, nb param, prior dist, val param of the main SAS macro
CRM2DIM for the parameterization of the modelling. The in-
put parameter used by this macro is:

• in=startup | simul | current data: specifies the SAS data
set to be analysed. in=startup allows to analyse the data
accumulated during the start-up if a start-up is specified
and in=simul to analyse the simulated data. When running
a trial, in=current data allows to analyse the current data
and for simplicity reason the information collected during
the startup phase is saved in this SAS data set. This allows
to avoid to create a SAS data set startup. Each SAS data
set is continuously updated after each inclusion of a new
cohort of patients.

3.2. SAS sub-macro DEFINE DOSE
The SAS sub-macro DEFINE DOSE identifies the next rec-

ommended dose combination from the posterior mean of toxic-
ity probabilities estimated by the SAS sub-macro ESTIMATE.
The way to identify the dose recommendation depends on
whether it is for the start-up step (mode = startup) (see sec-
tion 2.3), or for the two-dimensional CRM design (mode =

2dim design) (See section 2.2) or for the final step of the trial
(mode = recommend dose). The generated output is a SAS
data set containing the accumulated data prior to running this
macro, and the difference between the posterior mean of toxic-
ity probabilities and the target toxicity probability Γ. The input
parameters used by this macro are:

• in=startup | simul | current data: specifies the SAS data set
containing the individual toxicity data already observed.
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Two-dimensional CRM

Initialization

Identification of the final MTDCs

Simulation

Start-up

Generate
simulated data

%estimate
in=startup

%define dose
in=startup

mode=startup

Generate
simulated data at (x,1)

yes

yes

Generate
simulated data at (1,1)

no Start-up

Input real data

%estimate
in=current data

%define dose
in=current data
mode=startup

Input real data at (x,1)

no

yes

Input real data at (1,1)

no

%estimate
in=simulk

%estimate
in=current data

Stop Stop

%define dose
in=simulk

mode=2dim design

%define dose
in=simulk

mode=recommend dose

%define dose
in=current data

mode=2dim design

%define dose
in=current data

mode=recommend dose

no

yes

no

yes

%report

Generate
simulated data at
the new MTDC

Input real data at
the new MTDC

Figure 1: The functional block diagram of the SAS macro CRM2DIM. (1, 1): corresponds to dose level 1 both for the first and second agent, (x, 1): corresponds to
dose level x and 1 for the first and second agent, respectively, MTDC: maximum tolerated dose-combination, simulk: simulated dataset for the kth replication
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in=startup is used to analyse data accumulated during the
start-up if a start-up is specified. in=simul is used to anal-
yse simulated data. in=current data is used to analyse cur-
rent data when running a trial.

• mode=startup | 2dim design | recommend dose: specifies
the algorithm to identify the maximum tolerated dose com-
bination for the next cohort of patients. mode=startup in-
dicates that the next dose is the lowest level of the second
agent at a dose combination with the posterior mean of
toxicity probability closest to the target toxicity probabil-
ity Γ (which is defined by the macro variable gamma of the
main SAS macro CRM2DIM). mode=2dim design indi-
cates that the recommended dose combination for the next
assignment is the combination adjacent to the current one
with the posterior mean of toxicity probability closest to
the target toxicity probability Γ. mode=recommend dose
identifies, at the end of the trial, the MTDCs i.e drug-
combination with the posterior mean of toxicity probabil-
ity closest to the target toxicity probability for each level
of second agent.

3.3. SAS sub-macro REPORT

The SAS sub-macro REPORT produces summary of a two-
dimensional CRM for a given scenario and design parameters
when simulations are run. Summary includes the percentage
of experimentations at each combination, the mean number of
toxicities at each combination and the percentage that a dose
combination is identified as the recommended MTDC. The in-
put parameters used by this macro are:

• in=: specifies the SAS data set containing the number of
patients at each dose combination, the number of toxicities
at each dose combination and the recommended dose for
each dose level of the second agent for each replication of
the simulation study.

• var=n pat | n tox | recommended dose: specifies the vari-
able to be analysed. var=n pat computes the percent-
age of experimentations assigned to each combination.
var=n tox computes the average number of toxicities
observed at each combination. var=recommended dose
computes the proportion that a dose combination is the
recommended MTDC.

3.4. SAS macro CRM2DIM

The main SAS macro CRM2DIM can be used either for per-
forming a simulation study or for conducting an actual dual-
agent phase I dose-finding trial. In both cases, the program
starts with the initialization of the dose level of the two agents
(Figure 1 - yellow bloc) then the escalation/de-escalation starts
(Figure 1 - blue bloc) and finally the identification of the final
MTDCs (Figure 1 - red bloc).
When performing a simulation study (simul = 1), the true prob-
abilities of toxicity at each dose combination are inputted us-
ing the macro variable scenario. The first cohort of patients is
treated either at the lowest dose-combination (si = 1, t j = 1)

if start up = 0 or at the the dose-combination resulting to the
start-up rule (start up = 1). In the latter case, the user has to
specify the size of a cohort of simulated patients (g size1) and
only the dose level of the first agent (si) is identified since the
two-dimensional CRM starts at the lowest dose level of the sec-
ond agent (t j = 1) (See Section 2.3). The binary toxicity out-
come y is randomly drawn from a Bernoulli distribution accord-
ing to the true probability of toxicity corresponding to the initial
dose-combination. For this first cohort of patients, the poste-
rior means of toxicity probabilities at each dose combination
are estimated using the SAS sub-macro ESTIMATE (see Sec-
tion 3.1). The posterior means thus obtained are plugged into
the SAS sub-macro DEFINE DOSE (see Section 3.2) to define
the next recommended dose-combination for a target toxicity
probability level defined by Γ (macro variable gamma). The
toxicity outcome of a new cohort of patients of size group size
assigned at this new recommended dose-combination is simu-
lated and the process is repeated until the total number of pa-
tients nb patient is achieved. At the end of the simulation study,
a table is produced by the SAS sub-macro REPORT (See Sec-
tion 3.3) and summarizes the percentage of experimentations at
each combination, the mean number of toxicities at each combi-
nation and the proportion of successful dose-combination iden-
tification.
When running an actual dual-agent phase I dose-finding trial
(simul = 0), the main difference with the simulation study is
that the user has to call the SAS macro CRM2DIM each time
the toxicity outcomes of the last cohort of patients treated at a
certain dose-combination are collected. The macro CRM2DIM
invocation utilizes the following SAS macro variables:

• simul=0 | 1: specifies if a simulation study is performed
(simul=1) or not (simul=0). In the latter case, the data
collected during a trial is continuously pooled by the user
in a SAS data set called current data

• scenario=: specifies the true toxicity probabilities at each
dose combination for performing a simulation study of a
two-dimensional phase I dose-finding trial. The values are
entered in rows and separated by a ”/” to facilitate their
extraction. Each row corresponds to the true toxicity prob-
abilities for the I levels of first agent at a given dose level
of the second agent. This macro variable is only specified
for a simulation study

• start up=0 | 1: specified if a start-up is used (start up=1) or
not (start up=0) (See Section 2.3). For a simulation study
with a start-up, the size of each cohort is defined by the
macro g size1. At the end of the start-up, a recommended
dose combination is identified and is assigned to the first
cohort of the two-dimensional CRM. In the case of a simu-
lation study, the size of this cohort is defined by the macro
variable group size

• n patient=: specifies the total number of patients (start-up
step + two-dimensional CRM) in a trial

• group size=: specifies the number of patients per group
in the two-dimensional design when a simulation study is
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specified

• nb simul=: specifies the number of replications in the sim-
ulation study

• gamma=: specifies the target toxicity probability of toxi-
city between 0 and 1. Usually, the targeted probability is
0.2 or 0.3

• a =: specifies the set of constant ai (i : 1, . . . , I) separated
by “/” for the first agent

• b =: specifies the set of constant b j ( j : 1, . . . , J) sepa-
rated by “/” for the second agent

• dist=0 | 1: specifies the regression model for modelling
the drug combination-toxicity relationship. The log-linear
model used by Wang and Ivanova (See equations 2) is
specified by dist=0, the standard logistic model used by
[13] is specified by dist=1

• nb param=: specifies the number of parameters for a re-
gression model. When dist=0 then nb param=2 or 3 and
when dist=1 then nb param=3 or 4. The core models do
not include an interaction term

• prior dist=: specifies the prior distribution of the model
parameters. The normal prior distribution centered at 0 is
symbolized by N and the exponential prior distribution by
E. The prior distribution of each parameter is separated by
a ”/”

• val param=: specifies the prior distribution variance of the
model parameters. The prior distribution variance of each
parameter is separated by a ”/”

• nbi=: specifies the number of burn-in iterations for the
SAS MCMC procedure

• nmc=: specified the number of MCMC iterations, exclud-
ing the burn-in iterations, for the SAS MCMC procedure

• seed=: specifies the random number seed for Markov
Chain samples within the SAS MCMC procedure

• g size1=: specifies the number of patients per cohort in
the start-up step i.e when start up=1. Usually, the values
are 2 or 3 patients per cohort. g size1 is only specified for
a simulation study

• histo=: specifies the SAS data set containing historical
data that will be incorporated by the power prior approach
(See equations 3 and 4) in the current analysis. This SAS
data set requires the variables patid, si (dose level of first
agent), tj (dose level of second agent) and y (a binary tox-
icity outcome). Its structure is one row per patient

• a0=: specifies the weight associated to the historical data
when historical data is incorporated in the current analysis.
a0 can take the values between 0 and 1 (See Section 2.4)

s1 s2 s3 s4 s5 s6

t1 0.03 0.05 0.08 0.13 0.20 0.29
t2 0.05 0.08 0.13 0.20 0.29 0.40
t3 0.08 0.13 0.20 0.29 0.40 0.53

Table 2: Scenario for a two-agent phase I dose-finding trial with target toxicity
probability of 0.2. Maximum tolerated combinations (or combinations closest
to them) are in bold.

4. Illustration of the SAS macro CRM2DIM

4.1. Simulation

We evaluate the performance of the SAS macro CRM2DIM
and its different features through a simulation study of a two
drug combination phase I dose-finding trial. We used the vari-
ous toxicity scenarios from Table 1 in Wang and Ivanova [11].
The first scenario of this table is described in Table 2. The
rows of Table 2 represent the 3 dose levels of the second agent
(t j, j = 1, . . . , 3) and the columns represent the 6 dose lev-
els of first agent (si, i = 1, . . . , 6). The target toxicity proba-
bility is 0.20 and the MTDCs are in bold. We use the same
specifications as in Wang and Ivanova [11] with a total of 54
patients included in the trial (n patient = 54) and assigning
of 3 patients in each cohort (group size = 3). The constants
defining the working model are the same as used in O’Quigley
et al. [1] for the first agent ( a = 0.05/0.1/0.2/0.3/0.5/0.7)
and the second agent ( b = 0.05/0.1/0.2). In this illustration,
we assume a two-parameter model (See equation 2, dist = 0
and nb param = 2) with an exponential prior distribution
(prior dist = E/E) of variance equal to 1 (val param = 1/1),
no start-up (start up = 0 and g size1 is then left unspecified)
and no inclusion of historical data (histo and a0 are left unspec-
ified). We ran 4000 replications (nb simul = 4000) in the sim-
ulation study. The tuning of MCMC samples is nbi = 1000 and
nmc = 5000 with a arbitrary seed = 1. The statement options
nonotes = 0 was specified to avoid the SAS ’log window full’
message. These input parameters are captured by the following
code.

%CRM2DIM( s i m u l = 1 ,
s c e n a r i o = 0 . 0 3 / 0 . 0 5 / 0 . 0 8 / 0 . 1 3 / 0 . 2 0 / 0 . 2 9 /

0 . 0 5 / 0 . 0 8 / 0 . 1 3 / 0 . 2 0 / 0 . 2 9 / 0 . 4 0 /
0 . 0 8 / 0 . 1 3 / 0 . 2 0 / 0 . 2 9 / 0 . 4 0 / 0 . 5 3 ,

s t a r t up = 0 ,
n p a t i e n t = 54 ,
group s i z e = 3 ,
nb s i m u l = 4000 ,
gamma = 0 . 2 0 ,

a = 0 . 0 5 / 0 . 1 / 0 . 2 / 0 . 3 / 0 . 5 / 0 . 7 ,
b = 0 . 0 5 / 0 . 1 / 0 . 2 ,

d i s t = 0 ,
nb param = 2 ,
p r i o r d i s t = E /E ,
v a l param = 1 / 1 ,
n b i = 1000 ,
nmc = 5000 ,
s eed = 1 ,
g s i z e 1 = ,
h i s t o = ,
a0 =

) ;
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The output generated by the SAS macro CRM2DIM with a two-
parameter model, no start-up and without including a historical
data is:

Agent A 1 2 3 4 5 6
Agent B

pct pat 1 5.57 6.00 8.63 9.52 5.42 1.89
2 0.32 3.23 11.10 13.25 5.11 1.48
3 2.14 5.80 9.96 8.57 1.57 0.43
. . . . . . .

n tox 1 0.08 0.15 0.35 0.65 0.56 0.27
2 0.01 0.13 0.75 1.40 0.76 0.29
3 0.08 0.39 1.01 1.30 0.30 0.11
. . . . . . .

recommended 1 0.00 0.25 9.65 49.05 34.85 6.20
dose 2 0.03 2.23 23.88 53.35 18.20 2.33

3 20.03 19.45 34.08 22.15 3.96 0.33

This output contains the percentages of experimentation at
each combination, the average number of toxicities observed
at each combination and the percentages of the MTDC recom-
mendation. Agent A represents the first agent and agent B the
second agent. The maximum tolerated dose combinations for
the target toxicity probability of 0.20 for dose levels 1, 2 and 3
of second agent, the combinations (AgentA = 5, AgentB = 1),
(AgentA = 4, AgentB = 2) and (AgentA = 3, AgentB = 3), are
identified in 35%, 53% and 34% of simulated trials. The per-
centage of experimentations (average number of toxicities) at
these recommended combinations are 5.4 (0.6), 13.2 (1.4) and
9.9 (1.0).
This output is produced after approximatively 7 hours using a
PC Intel(R) Xeon (R) CPU E31225@ 3.10GHz, RAM: 16.0
Go, OS; Windows 7 Professional 64 bits.
To repeat this simulation study with a start-up, we set at
start up = 1 and specify two subjects per cohort in the start-up
with g size1 = 2. The code becomes:

%CRM2DIM( s i m u l = 1 ,
s c e n a r i o = 0 . 0 3 / 0 . 0 5 / 0 . 0 8 / 0 . 1 3 / 0 . 2 0 / 0 . 2 9 /

0 . 0 5 / 0 . 0 8 / 0 . 1 3 / 0 . 2 0 / 0 . 2 9 / 0 . 4 0 /
0 . 0 8 / 0 . 1 3 / 0 . 2 0 / 0 . 2 9 / 0 . 4 0 / 0 . 5 3 ,

s t a r t up = 1 ,
n p a t i e n t = 54 ,
group s i z e = 3 ,
nb s i m u l = 4000 ,
gamma = 0 . 2 0 ,

a = 0 . 0 5 / 0 . 1 / 0 . 2 / 0 . 3 / 0 . 5 / 0 . 7 ,
b = 0 . 0 5 / 0 . 1 / 0 . 2 ,

d i s t = 0 ,
nb param = 2 ,
p r i o r d i s t = E /E ,
v a l param = 1 / 1 ,
n b i = 1000 ,
nmc = 5000 ,
s eed = 1 ,
g s i z e 1 = 2 ,
h i s t o = ,
a0 =

) ;

The output generated by the SAS macro CRM2DIM with a two-
parameter model, a start-up and no inclusion of historical data
is:

Agent A 1 2 3 4 5 6
Agent B

pct pat 1 3.73 4.93 7.26 10.00 6.89 2.38
2 0.80 3.98 10.97 14.01 5.91 1.52
3 2.12 5.59 9.34 8.15 1.88 0.54
. . . . . . .

n tox 1 0.05 0.13 0.31 0.68 0.74 0.36
2 0.02 0.16 0.75 1.46 0.90 0.32
3 0.08 0.37 0.97 1.21 0.39 0.15
. . . . . . .

recommended 1 0.00 0.28 10.90 49.80 32.93 6.10
dose 2 0.10 2.55 24.63 53.80 16.83 2.10

3 20.03 19.95 35.70 21.00 3.10 0.23

With a start-up, the percentages of the identification of the
correct maximum tolerated dose combinations, 33%, 54% and
36%, are similar compared to the design with no start-up.
We also ran simulations with a three-parameter model (See
equation 2) where the third parameter is an interaction term be-
tween the two agents. This is specified by nb param = 3 using
the following code:

%CRM2DIM( s i m u l = 1 ,
s c e n a r i o = 0 . 0 3 / 0 . 0 5 / 0 . 0 8 / 0 . 1 3 / 0 . 2 0 / 0 . 2 9 /

0 . 0 5 / 0 . 0 8 / 0 . 1 3 / 0 . 2 0 / 0 . 2 9 / 0 . 4 0 /
0 . 0 8 / 0 . 1 3 / 0 . 2 0 / 0 . 2 9 / 0 . 4 0 / 0 . 5 3 ,

s t a r t up = 1 ,
n p a t i e n t = 54 ,
group s i z e = 3 ,
nb s i m u l = 4000 ,
gamma = 0 . 2 0 ,

a = 0 . 0 5 / 0 . 1 / 0 . 2 / 0 . 3 / 0 . 5 / 0 . 7 ,
b = 0 . 0 5 / 0 . 1 / 0 . 2 ,

d i s t = 0 ,
nb param = 3 ,
p r i o r d i s t = E /E /E ,
v a l param = 1 / 1 / 1 ,
n b i = 1000 ,
nmc = 5000 ,
s eed = 1 ,
g s i z e 1 = 2 ,
h i s t o = ,
a0 =

) ;

The output generated by the SAS macro CRM2DIM with a
three-parameter model, a start-up and no inclusion of histori-
cal data is:

Agent A 1 2 3 4 5 6
Agent B

pct pat 1 3.73 4.97 7.09 11.34 8.15 2.58
2 0.80 4.18 11.33 14.72 5.75 1.23
3 2.25 6.21 8.74 5.37 1.16 0.39
. . . . . . .

n tox 1 0.05 0.13 0.30 0.78 0.86 0.39
2 0.02 0.18 0.79 1.54 0.88 0.27
3 0.09 0.40 0.89 0.80 0.24 0.11
. . . . . . .

recommended 1 0.00 0.15 9.05 42.98 40.43 7.40
dose 2 0.05 2.30 24.25 55.98 16.40 1.03

3 12.48 31.50 40.70 14.38 0.95 0.00

The combinations (5,1),(4,2) and (3,3) were identified in
40%, 56% and 41% of the trials. These results indicate that
the three-parameter model provide better precision of the max-
imum tolerated combination compared to the two-parameter
model.
In addition to a simulation study with a three-parameter model
and a start-up, assume that historical data is available for first
agent with k = 10 patients treated at the combination (5,0) and
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2 toxicities occurred for the last two patients. We add these k
pseudo-observations made at a dose combination with level 0
of the second agent. This process is guided by the initialisation
of the following variables patid, si, t j and y when constructing
the SAS data set, histo data. The following statements create
this SAS data set and print the 10 historical observations.

d a t a h i s t o d a t a ( drop= i ) ;
do i =1 t o 8 ;

p a t i d = i ;
s i = 5 ;
t j = 0 ;
y = 0 ;
o u t p u t ;

end ;
do i =1 t o 2 ;

p a t i d = 8+ i ;
s i = 5 ;
t j = 0 ;
y = 1 ;
o u t p u t ;

end ;
run ;
p roc p r i n t d a t a= h i s t o d a t a noobs ;
run ;

p a t i d s i t j y

1 5 0 0
2 5 0 0
3 5 0 0
4 5 0 0
5 5 0 0
6 5 0 0
7 5 0 0
8 5 0 0
9 5 0 1
10 5 0 1

For a partial incorporation of the historical data, we plug-in a
value of 0.5 for a0.

%CRM2DIM( s i m u l = 1 ,
s c e n a r i o = 0 . 0 3 / 0 . 0 5 / 0 . 0 8 / 0 . 1 3 / 0 . 2 0 / 0 . 2 9 /

0 . 0 5 / 0 . 0 8 / 0 . 1 3 / 0 . 2 0 / 0 . 2 9 / 0 . 4 0 /
0 . 0 8 / 0 . 1 3 / 0 . 2 0 / 0 . 2 9 / 0 . 4 0 / 0 . 5 3 ,

s t a r t up = 1 ,
n p a t i e n t = 54 ,
group s i z e = 3 ,
nb s i m u l = 4000 ,
gamma = 0 . 2 0 ,

a = 0 . 0 5 / 0 . 1 / 0 . 2 / 0 . 3 / 0 . 5 / 0 . 7 ,
b = 0 . 0 5 / 0 . 1 / 0 . 2 ,

d i s t = 0 ,
nb param = 3 ,
p r i o r d i s t = E /E /E ,
v a l param = 1 / 1 / 1 ,
n b i = 1000 ,
nmc = 5000 ,
s eed = 1 ,
g s i z e 1 = 2 ,
h i s t o = h i s t o da t a ,
a0 = 0 . 5
) ;

The output generated by the SAS macro CRM2DIM with a
three-parameter model, a start-up and inclusion of historical
data for first agent is:

Agent A 1 2 3 4 5 6
Agent B

pct pat 1 3.70 3.54 6.76 14.81 8.19 1.84
2 0.57 2.29 11.47 18.26 4.54 0.96
3 0.91 4.38 10.29 5.99 1.10 0.38
. . . . . . .

n tox 1 0.05 0.09 0.29 1.01 0.87 0.29
2 0.01 0.09 0.79 1.91 0.69 0.21
3 0.04 0.30 1.05 0.89 0.23 0.11
. . . . . . .

recommended 1 0.00 0.00 1.75 51.73 43.10 3.43
dose 2 0.03 0.68 21.18 63.65 14.05 0.43

3 14.38 28.88 40.48 15.55 0.73 0.00

Combination (5,1),(4,2) and (3,3) are identified in 43%,
64% and 40% after an execution time of less than 16 hours,
approximatively.
We can evaluate the impact of historical data in other conditions
by varying both the number of pseudo-observations k when
additional historical information is available and the value of
a0. For the former, we need to add pseudo-observations to the
SAS histo data data set. For the latter, we need to change the
value of a0 according to the clinicians’ prior belief about the
commensurability between historical and current data.
In our simulations, we obtained almost identical results for
all 5 scenarios to those reported in Wang and Ivanova [11]
(See Appendix for the 4 other scenarios with a two-parameter
model, a start-up and no inclusion of historical data) which
validated the SAS macro, CRM2DIM.

In addition to the dose-toxicity model used by Wang and
Ivanova in their two-dimensional model-based design [11],
the macro includes the possibility to use a standard logis-
tic regression for modelling the drug combination-toxicity
relationship. This logistic model with 3 or 4 parameters
was used in the design proposed by Riviere et al. [13] (See
appendix F). The prior distributions of the model parameters
were normal and exponential. The macro includes also
the possibility to incorporate historical data for this model.
Whatever the type of regression model (dist = 0 or 1 for
log-linear or logistic model, respectively), val param allows
to fix different values of the variance for the different prior
distributions which are specified by prior dist. We illustrated
these different model specifications through a simulation study
with a start-up and no incorporation of historical data. We
chose the scenario 1 of Table 1 in Riviere et al. [21] (with 5
and 3 dose levels for the first and second agent, respectively)
and the same design parameters that those used in Riviere
et al. [21] (n patient = 60, group size = 3, nb simul = 2000,
gamma = 0.30, a = 0.12/0.2/0.3/0.4/0.5, b = 0.2/0.3/0.4,
nbi = 2000 and nmc = 5000). Note that the start-up rule and
the dose allocation were the same as the adaptive model-based
design of Wang and Ivanova [11]. The aim, here, is not to
compare the 2 designs but only to illustrate the different model
specifications proposed by the SAS macro CRM2DIM.
For example, the SAS code to evaluate the operating character-
istics of the Wang and Ivanova design [11] but now using a 3
parameter standard logistic regression model with an intercept
following a normal distribution of variance 50 and the effect
of the two agents following an exponential distribution of
variance 10 is as follows:
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%CRM2DIM( s i m u l = 1 ,
s c e n a r i o = 0 . 0 5 / 0 . 1 0 / 0 . 1 5 / 0 . 3 0 / 0 . 4 5 /

0 . 1 0 / 0 . 1 5 / 0 . 3 0 / 0 . 4 5 / 0 . 5 5 /
0 . 1 5 / 0 . 3 0 / 0 . 4 5 / 0 . 5 0 / 0 . 6 0 ,

s t a r t up = 1 ,
n p a t i e n t = 60 ,
group s i z e = 3 ,
nb s i m u l = 2000 ,
gamma = 0 . 3 0 ,

a = 0 . 1 2 / 0 . 2 / 0 . 3 / 0 . 4 / 0 . 5 ,
b = 0 . 2 / 0 . 3 / 0 . 4 ,

d i s t = 1 ,
nb param = 3 ,
p r i o r d i s t = N /E /E ,
v a l param = 50 / 10 / 10 ,
n b i = 2000 ,
nmc = 5000 ,
s eed = 1 ,
g s i z e 1 = 2 ,
h i s t o = ,
a0 =

) ;

The summary of the results for some model specifications are
reported in Table 3. The columns represent the dose-toxicity
model (log linear or logistic), the number of parameters (with
or without interaction), the prior distribution of parameters (N
and E for normal centered at 0 and exponential distribution, re-
spectively) and some values of the variance of the prior distri-
bution. For exponential distribution, the mean can be derived
directly from the variance. For example, a variance of 1 and
10 corresponds to a mean of 1 and square root(10). The col-
umn patient represents the percentages of experimentation al-
located to the true MTDC at each dose level of second agent
(dose levels 1, 2, and 3), the column toxicity represents the av-
erage number of toxicities observed at the true MTDC at each
dose level of second agent and the column MTDC represent the
recommendation rates for true MTDC at each dose level of the
second agent. In this example, the MTDC for the target toxicity
probability of 0.30 for dose levels 1, 2 and 3 of second agent
is (AgentA = 4, AgentB = 1), (AgentA = 3, AgentB = 2) and
(AgentA = 2, AgentB = 3).
For a log-linear model (2 or 3 parameters), the results are simi-
lar for different sets of prior distributions variances. The model
with an interaction (3 parameters) allows to obtain a higher rec-
ommendation rates for true MTDCs. With the logistic model,
we observed some problems of convergence due to the autocor-
relation of MCMC samplings and more particularly with a 4-
parameter model and a high variance for prior distributions. To
overcome this issue, the solutions are generally (i) to sampling
by block of similar parameters i.e. putting the parameters of the
model in the same block to improve the mixing of the chain,
(ii) to increase the number of iterations both for burn-in period
and MCMC. We thus defined a block of parameters within the
SAS MCMC procedure for a logistic regression model and in-
crease the number of burn-in and MCMC samples to reduce
the autocorrelation. Using nbi=50000 and nmc=50000 allow
to reduce the number of replications where autocorrelations
occur for a 3-parameter logistic model and a 4-parameter lo-
gistic model with some variances fixed at 1 (less than 1%).
With a 3-parameter logistic model, the recommendation rates
for true MTDCs were similar to those with a 2-parameter log-

linear model but lower than those with a 3-parameter log-linear
model. The 4-parameter logistic model has higher recommen-
dations rates compared to previous models. The number of it-
erations both for burn-in period and MCMC would need to be
higher than 50000 when evaluating the operating characteris-
tics of 4-parameter logistic model with high variance. Indeed,
a 4-parameter logistic model with variances for prior distribu-
tions of the intercept, the two dose effects and the interaction set
at (50/10/10/50) lead to a high number of inconclusive replica-
tions due to autocorrelations (>20%) (data not shown).

4.2. Running a trial with the two-dimensional Bayesian CRM

As in other packages that implement dose-finding methods
when running a phase I trial, the user has to alter between run-
ning a program, updating the data set after collecting the out-
come of the last patients treated at a certain dose combination
(si, t j), and running the program again until the stopping rule.
To run a dual agent phase I dose-finding trial using the two-
dimensional Bayesian CRM, we need to specify simul = 0
in the SAS macro, CRM2DIM. We remind that g size1 and
group size, corresponding to the number of patients per cohort
in the start-up step and in the two-dimensional CRM, are not re-
quired since it is the user who enters the observed toxicity data
for each patient. In practise, these numbers are 2 or 3 patients
by cohort. The rest of the input parameters is identical to those
used when performing simulation studies. If historical data are
available, for example, when running a paediatric phase I trial
with information from adults phase I trial then histo data and
a0 need to be specified.
Suppose a fictive example designing a two-dimensional phase I
dose-finding trial with 6 levels of first agent and 3 levels of sec-
ond agent. The protocol specifies a target toxicity probability of
0.20 (gamma = 0.20), a start-up (start up = 1) and a total num-
ber of patients of 35 (n patient = 35). Assuming that 20 pa-
tients (10 cohorts of 2 patients) have been included in the start-
up step and resulting to produce the following sequence of com-
binations (1,1),(2,1),(3,1),(4,1),(5,1),(6,1),(4,2),(5,2),(3,3) and
(4,3) and one toxicity is observed at the combination (5,2) and
another at combination (4,3). This information has to be col-
lected in a SAS data set called current data.

d a t a c u r r e n t d a t a ;
i n p u t p a t i d s i t j y ;
c a r d s ;
1 1 1 0
2 1 1 0
3 2 1 0
4 2 1 0
5 3 1 0
6 3 1 0
7 4 1 0
8 4 1 0
9 5 1 0
10 5 1 0
11 6 1 0
12 6 1 0
13 4 2 0
14 4 2 0
15 5 2 1
16 5 2 0
17 3 3 0
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Model Nb Prior dist. Variance Patient Toxicity MTDC
Log-linear 2 E/E 1/1 12.23-18.50-11.48 2.11-3.26-1.98 47.00-59.10-44.45
Log-linear 2 E/E 10/10 12.01-16.72-10.89 2.11-2.91-1.88 45.45-59.10-43.90
Log-linear 3 E/E/E 1/1/1 16.27-16.71-12.85 2.87-2.91-2.28 52.95-64.10-58.25
Log-linear 3 E/E/E 10/10/10 13.67-15.44-11.43 2.38-2.70-2.03 52.30-62.00-63.75
Logistic 3 N/E/E 1/1/1 17.57-18.95-7.56 3.05-3.40-1.31 49.80-59.60-39.75
Logistic 3 N/E/E 10/10/10 19.44-20.16-9.33 3.37-3.55-1.64 49.40-59.40-42.80
Logistic 3 N/E/E 50/10/10 21.06-16.36-11.01 3.69-2.87-1.90 47.70-50.45-41.20
Logistic 4 N/E/E/N 1/1/1/1 17.96-18.37-10.91 3.14-3.26-1.93 62.30-62.80-44.30
Logistic 4 N/E/E/N 10/1/1/10 17.69-19.16-11.62 2.99-3.44-2.06 65.29-66.21-51.96

Table 3: Summary of operating characteristics in comparison of different modellings of drug combination-toxicity relationship within the two-dimensional model-
based design proposed by Wang and Ivanova [11].

18 3 3 0
19 4 3 0
20 4 3 1
;

run ;

Assuming that a log-linear model with 2 parameters following
an exponential prior distribution with variance set at 1 (dist = 0,
nb param = 2, prior dist = E/E and val param = 1/1) is
specified in the protocol. Then, the program to analyse the data
produced by the start-up and thus to identify the recommended
dose combination at the end of start-up is as follows:

%CRM2DIM( s i m u l = 0 ,
s t a r t up = 1 ,
n p a t i e n t = 35 ,
gamma = 0 . 2 0

a = 0 . 0 5 / 0 . 1 / 0 . 2 / 0 . 3 / 0 . 5 / 0 . 7 ,
b = 0 . 0 5 / 0 . 1 / 0 . 2 ,

d i s t = 0 ,
nb param = 2 ,
p r i o r d i s t = E /E
v a l param = 1 / 1 ,
n b i = 1000 ,
nmc = 5000 ,
s eed = 1
) ;

During the execution of this program, this message below is
shown on the log window:

Conduc t ing a CRM t r i a l − s t a r t −up

The table of posterior mean of toxicity probabilities is then pro-
duced.

Agent A 1 2 3 4 5 6
Agent B

1 0.05 0.06 0.09 0.11 0.18 0.26
2 0.09 0.10 0.12 0.15 0.21 0.29
3 0.16 0.17 0.19 0.22 0.27 0.35

Next dose c o m b i n a t i o n recommendat ion : ( 5 , 1 )

The dose combination at the first level of agent B with the
estimated toxicity probability closest to the target is (5,1)
(AgentA = 5, AgentB = 1) with the estimate of 0.18. This
dose combination is the starting combination for the two-
dimensional CRM design. Assuming that a cohort of three pa-
tients is thus treated at the combination (5,1) and 2 toxicities

are observed. The current data data set is updated by adding
three new observations with the variables si = 5, t j = 1, y = 0
for the first patient, si = 5, t j = 1, y = 1 for the second pa-
tient and si = 5, t j = 1, y = 1 for the third patient (with-
out any particular order). The user needs to update the SAS
data set current data after inclusion of each cohort. Note that
the information containing the maximum tolerated dose combi-
nation which varies during the trial is managed by two global
macro variables (current si and current t j) and is transparent
for the user. To identify the recommended dose combination for
the next cohort based on data from 23 patients, 20 accrued in
the start-up and 3 after the start-up, we execute the SAS macro
CRM2DIM with start up = 0 as opposed to the analysis of
data collected during the start-up. The SAS code is:

%CRM2DIM( s i m u l = 0 ,
s t a r t up = 0 ,
n p a t i e n t = 35 ,
gamma = 0 . 2 0 ,

a = 0 . 0 5 / 0 . 1 / 0 . 2 / 0 . 3 / 0 . 5 / 0 . 7 ,
b = 0 . 0 5 / 0 . 1 / 0 . 2 ,

d i s t = 0 ,
nb param = 2 ,
p r i o r d i s t = E /E ,
v a l param = 1 / 1 ,
n b i = 1000 ,
nmc = 5000 ,
s eed = 1

) ;

The following message occurs in the log window:

Conduc t ing a CRM t r i a l − two d i m e n s i o n a l d e s i g n

The following output is produced i.e. the table of posterior
mean of toxicity probabilities.

Agent A 1 2 3 4 5 6
Agent B

1 0.06 0.07 0.11 0.16 0.25 0.37
2 0.09 0.11 0.15 0.19 0.28 0.39
3 0.16 0.18 0.21 0.25 0.34 0.44

Next dose c o m b i n a t i o n recommendat ion : ( 4 , 2 )

The output indicates that the next recommended combination
is (4,2). This process continues until the total number of pa-
tients is reached i.e. 35 patients in this example. This means
that 15 patients are thus included in the two-dimensional CRM.
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Suppose we observe the following sequence of maximum toler-
ated dose combinations after the start-up (5,1),(4,2),(4,2),(3,3)
and (4,3) with corresponding toxicity vectors (0,1,1), (0,0,1),
(0,0,0), (0,0,0) and (1,1,1) for cohort of 3 patients (Figure 2).
After updating the SAS data set current data from the start-
up (n = 20 patients) to the last cohort of patients in the two-
dimensional CRM i.e. in pooling continuously the informa-
tion which characterizes each patient i.e. (si, t j, y), we execute
the same code than that executed during the two-dimensional
CRM.

%CRM2DIM( s i m u l = 0 ,
s t a r t up = 0 ,
n p a t i e n t = 35 ,
gamma = 0 . 2 0 ,

a = 0 . 0 5 / 0 . 1 / 0 . 2 / 0 . 3 / 0 . 5 / 0 . 7 ,
b = 0 . 0 5 / 0 . 1 / 0 . 2 ,

d i s t = 0 ,
nb param = 2 ,
p r i o r d i s t = E /E ,
v a l param = 1 / 1 ,
n b i = 1000 ,
nmc = 5000 ,
s eed = 1

) ;

As the total number is reached, this execution gives automati-
cally the recommended dose combination for each dose level of
second agent. The following message occurs in the log window

Conduc t ing a CRM t r i a l − f i n a l recommended d o s e s

and the following output is produced i.e. the table of posterior
mean of toxicity probabilities.

Agent A 1 2 3 4 5 6
Agent B

1 0.07 0.09 0.13 0.18 0.28 0.41
2 0.11 0.14 0.18 0.22 0.32 0.44
3 0.20 0.22 0.26 0.30 0.39 0.50

Next dose c o m b i n a t i o n recommendat ion : ( 4 , 1 ) , ( 4 , 2 ) , ( 1 , 3 )

Combinations (4,1),(4,2) and (1,3) are recommended as the
maximum tolerated dose combinations with the estimated prob-
abilities of toxicity equal to 0.18, 0.22 and 0.20, respectively.
Note the difference between the footnotes for the outputs of the
analysis of the start-up and the two-dimensional CRM during
the dose-escalation compared to that for the output of the final
analysis of the two-dimensional phase I dose-finding trial.

5. Mode of availability of the SAS macro CRM2DIM

Source code is available on GitHub
(https://github.com/Oncostat/CRM2DIM).

6. Discussion

This article presents a new SAS macro, CRM2DIM, for im-
plementing and simulating the two-dimensional Bayesian CRM

for phase I dose-finding trials with two agents proposed by
Wang and Ivanova [11]. The SAS macro CRM2DIM offers
several options such as a start-up, different dose-toxicity mod-
els with or without incorporation of historical data by using the
simplest form of the power prior approach. As this macro is
based on the use of the SAS MCMC procedure for Bayesian
analysis, this macro benefits from the flexibility of this proce-
dure and thus could be easily extended, for example, with ac-
commodate various prior distributions, densities, specification
of the log likelihood function. We illustrated some of these
extensions by implementing the 3 or 4-parameter standard lo-
gistic regression used by Riviere et al. [21] with different val-
ues of the variance for the prior distributions of the model pa-
rameters. In addition, one can easily change the algorithm for
dose-assignment, the start-up rule or implement stopping rules
based on the toxicity posterior probability. The SAS macro
CRM2DIM shares some features with the other programs re-
ported in Table 1 for dual-agent phase I trials. Note that the
approach of Hirakawa et al. [22] using a SAS/IML program for
implementing the likelihood-based dose-finding method using a
skrinkage logistic model is not reported since it is not available
on the Web. While the R packages pocrm, pipe, dfcomb and
Braun and Wang [16] and Yin and Yuan [17] programs imple-
ment dose-finding methods that identify a single MTDC, Wang
and Ivanova [11] program, CRM2DIM, BOIN, and ToxFinder
identify multiple MTDCs. The R packages pocrm, dfcomb,
Wang and Ivanova [11] and Yin and Yuan [17] programs and
CRM2DIM allow the dose-escalation method to be used with
a start-up phase. A stopping rule based on posterior probabil-
ity higher than a pre-specified value is implemented in dfcomb,
pipe and BOIN or a fixed maximum number of patients can be
enrolled or a certain number of patients treated on any combi-
nation. Only the program of Yin and Yuan [17] does not allow
to run a combination phase I trial. The R package pipe offers
a shiny web interface for plotting, ToxFinder also generates
plots. The main feature of the SAS macro CRM2DIM com-
pared to other programs is the incorporation of historical data.
In this current version, the SAS macro CRM2DIM generates no
graphic when performing simulation. We believe that this new
SAS macro CRM2DIM is the first available SAS macro im-
plementing a phase I dose-finding design for dual-agent. This
macro allows to enrich the SAS toolbox dedicated to the phase
I dose-finding trial in oncology.
This SAS macro CRM2DIM enables statisticians involved in
early phase development to implement this two-dimensional
Bayesian CRM dose-finding design in the SAS environment
commonly used in the pharmaceutical companies and in some
academic centres. We hope that this work will stimulate the
implementation of other dose-finding methods in SAS, for ex-
ample, dose-finding designs combining toxicity and efficacy.
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Figure 2: Example of a trial with 35 patients, 20 patients assigned in cohorts of 2 during the start-up and 15 patients in cohorts of 3 during the part guided by
the two-dimensional CRM. Dotted lines represent the path observed during the start-up and dashed lines the path during the two-dimensional design. The stars
correspond to observed toxicities, at combinations (5,2) and (4,3) during the start-up and (5,1),(4,2),(4,3) during the two-dimensional design. The circles indicate
the maximum tolerated dose combinations recommended after the trial.
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Appendix A. Example of toxicity scenarios of two-agent
phase I dose-finding trial

The table below reports the toxicity scenarios for a two-agent
phase I dose-finding trial with a target toxicity probability of
0.2 from Table 1 of Wang and Ivanova’s paper [11]. Maximum
tolerated combinations (or combinations closest to them) are in
bold. The columns and rows represent the dose levels of first
agent s and second agent t, respectively.

Appendix B. Results of dual-agent Bayesian CRM - Sce-
nario 2

The output reports the operating characteristics of dual-agent
Bayesian CRM with no interaction between the two agents and
a start-up for scenario 2. The columns and rows represent the
dose levels of first agent s (represented by variable agentA) and
second agent t (represented by variable agentB), respectively.

Agent A 1 2 3 4 5 6
Agent B

pct pat 1 3.73 4.80 5.03 6.12 7.47 5.15
2 0.73 3.10 5.39 8.71 10.17 5.61
3 1.35 3.20 5.85 10.67 7.76 5.17
. . . . . . .

n tox 1 0.07 0.13 0.22 0.36 0.59 0.57
2 0.01 0.10 0.24 0.57 0.95 0.73
3 0.03 0.13 0.33 0.81 0.84 0.77
. . . . . . .

recommended 1 0.00 0.03 2.38 18.05 39.93 39.63
dose 2 0.00 0.30 5.05 25.85 41.60 27.20

3 4.75 4.90 13.73 34.70 31.08 10.85

Appendix C. Results of dual-agent Bayesian CRM - Sce-
nario 3

The output reports the operating characteristics of dual-agent
Bayesian CRM with no interaction between the two agents and
a start-up for scenario 3. The columns and rows represent the
dose levels of first agent s (represented by variable agentA) and
second agent t (represented by variable agentB), respectively.

Agent A 1 2 3 4 5 6
Agent B

pct pat 1 3.78 8.01 14.08 8.83 3.07 1.00
2 4.43 18.21 14.35 7.09 1.50 0.35
3 5.20 6.44 2.51 0.98 0.17 0.02
. . . . . . .

n tox 1 0.05 0.20 0.96 0.91 0.44 0.20
2 0.22 1.89 1.84 1.18 0.31 0.09
3 0.54 1.00 0.53 0.27 0.06 0.01
. . . . . . .

recommended 1 0.00 16.88 42.83 34.43 5.45 0.43
dose 2 7.55 40.35 39.15 11.90 0.98 0.08

3 76.15 18.00 5.40 0.40 0.05 0.00

Appendix D. Results of dual-agent Bayesian CRM - Sce-
nario 4

The output reports the operating characteristics of dual-agent
Bayesian CRM with no interaction between the two agents and
a start-up for scenario 4. The columns and rows represent the
dose levels of first agent s (represented by variable agentA) and
second agent t (represented by variable agentB), respectively.

Agent A 1 2 3 4 5 6
Agent B

pct pat 1 3.75 5.82 10.80 11.14 6.10 2.12
2 1.84 11.29 16.72 12.42 3.54 0.85
3 4.55 5.32 2.51 1.01 0.20 0.02
. . . . . . .

n tox 1 0.05 0.15 0.45 0.75 0.55 0.22
2 0.07 0.74 1.72 2.10 0.75 0.22
3 0.46 1.11 0.61 0.31 0.07 0.01
. . . . . . .

recommended 1 0.00 5.25 23.53 51.95 15.90 3.38
dose 2 3.88 23.93 45.73 22.83 3.23 0.43

3 83.83 11.58 4.35 0.25 0.00 0.00

Appendix E. Results of dual-agent Bayesian CRM - Sce-
nario 5

The output reports the operating characteristics of dual-agent
Bayesian CRM with no interaction between the two agents and
a start-up for scenario 5. The columns and rows represent the
dose levels of first agent s (represented by variable agentA) and
second agent t (represented by variable agentB), respectively.
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Agent A 1 2 3 4
Agent B

pct pat 1 3.83 7.14 11.26 8.84
2 2.39 13.65 13.60 8.06
3 5.98 9.60 5.30 1.66
4 3.14 4.13 1.08 0.33
. . . . .

n tox 1 0.09 0.30 0.79 0.95
2 0.09 0.93 1.39 1.21
3 0.42 0.96 0.78 0.35
4 0.33 0.62 0.22 0.09
. . . . .

recommended 1 0.00 6.83 43.03 50.15
dose 2 0.78 25.33 49.00 24.90

3 46.90 32.98 17.35 2.78
4 81.30 14.68 3.60 0.43

Appendix F. Logistic model proposed by Riviere et al.

Riviere et al. [13] used the following model:

logit
[
ψ

(
si, t j, θ

)]
= δ + α log

(
ai

1 − ai

)
+ β log

(
b j

1 − b j

)
+γ log

(
ai

1 − ai

)
log

(
b j

1 − b j

)
with θ = (α, β, γ, θ), these parameters are defined such that α >

0, β > 0, α + γlog
(

b j

1−b j

)
> 0, β + γlog

(
ai

1−ai

)
> 0 to satisfy the

assumptions of toxicity monotonicity.
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