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Abstract
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We consider the design of dose-finding trials for patients with malignancies when only a limited
sample size is available. The small sample size may be necessary because 1) the modality of
treatment is very expensive, and/or 2) the disease under investigation is rare, requiring a lengthy
period to enroll a target patient population. Both of these are common in the field of adoptive
immunotherapy, in which T cells are infused to prevent and treat infections and malignancies. The
clinical trial described in this paper investigates a novel therapy to adoptively transfer genetically
modified T cells in small pilot protocols enrolling patients with B-lineage malignancies. Due to
the constraints of cost and infrastructure, the maximum sample size for this trial is fixed at 12
patients distributed among four doses of T cells. Given these limitations, an innovative statistical
design has been developed to efficiently evaluate the safety, feasibility, persistence, and toxicity
profiles of the trial doses. The proposed statistical design is specifically tailored for trials with
small sample sizes in that it uses the toxicity outcomes from patients treated at different doses to
make dose-finding decisions. Supplementary materials including an R function and a movie demo
can be downloaded in the websites listed in the first two sections of the paper.
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Introduction
We introduce a Bayesian continual reassessment method (B-CRM) for the statistical design
of proof-of-concept Phase I dose-finding trials with small sample sizes. We demonstrate that
traditional algorithmic designs such as the 3+3 are not applicable for these trials because of
the limited sample size. We advocate the use of model-based methods1,2,3,4,5 that allow
patients’ response information at different dose levels to be shared in future decision
making. We suggest to examine the performance of various statistical designs using three
specific gate-keeping scenarios, and highlight the importance of having extra safety rules in
the design to protect patients from exposure to toxic doses.

Correspondence: Dr. Yuan Ji, Department of Biostatistics, U.T. M.D. Anderson Cancer Center, Houston, TX 77030, Phone: (713)
794-4153; Fax: (713) 792-4262, yuanji@mdanderson.org, Dr. Laurence J.N. Cooper, Pediatrics - Research, U.T. M.D. Anderson
Cancer Center, 1515 Holcombe Blvd. Unit 907, Houston, TX 77030, Phone: (713) 563-3208; Fax: (713) 792-9832,
ljncooper@mdanderson.org.

Ji et al.

Page 2

$watermark-text

The B-CRM is applied to the development of a T cell trial at The University of Texas M. D.
Anderson Cancer Center for patients with B-lymphoid malignancies undergoing allogeneic
umbilical cord blood (UCB) transplantation.6 A detailed description of the T cell trial can be
found at the end of the article. In this trial, one dose of donor-derived T cells that have been
genetically modified to express a cluster of differentiation 19 (CD19)-specific chimeric
antigen receptor (CAR) will be infused to redirect specificity to CD19 on malignant (and
normal) B cells.7,8,9,10,11 The trial will enroll patients to one of four T cell dose levels, 106/
m2, 107/m2, 108/m2, or 109/m2, based on patient body surface area. These T-cell dose levels
were chosen based on preclinical knowledge to allow investigators to not only test safety
and feasibility, but to determine a dose of infused T cells that result in sustained in vivo
persistence.
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Traditional 3+3 design is not appropriate for the T cell trial due to the small sample size. For
example, if the highest dose level 109/m2 is the MTD, the 3+3 design would need to treat at
least nine patients before it could reach this dose level. A suitable design for this type of
trials must be able to escalate quickly and also to control for extreme toxicity. However, one
usually has to trade off between fast escalation and control for toxicity. That is, faster
escalation often leads to greater chance of toxicity. To this end, we propose a model-based
Bayesian extension of the continual reassessment method (therefore the name B-CRM) that
borrows strength across different doses in making dose escalation decision. This new design
B-CRM is described in detail in the Method section, which is, required by the journal
editorial office, placed as the last section of this paper. However, we recommend reading it
first before moving onto the next section. An R computer program that implements the
proposed design can be downloaded at the website http://odin.mdacc.tmc.edu/~ylji/bcrm.R.

Results
A typical approach to examining the operating characteristics of a Bayesian design for dosefinding trials is to simulate trials many times on a computer according to pre-specified
clinical scenarios. Summary statistics, such as the percentage of times a true MTD is
selected or the average numbers of patients treated at the MTD, can be used to evaluate the
performance of the design. However, in current practice little attention is directed to the
construction of clinical scenarios that critically examine the proposed designs in these
computer simulations. Scenarios often seem to be selected arbitrarily, which makes the
evaluations based on the simulation results hard to interpret and dubious.
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We propose three types of clinical scenarios that examine a design’s performance to cover
diverse and yet practically important situations. In the first type of scenario, all of the doses
are excessively toxic. Therefore, no dose should be selected as the MTD and the trial should
be terminated quickly. We name this type of scenario the ES scenario to represent early
stopping. See Table 1 for an example. In the second type of scenario, all of the doses are
lower than the MTD. Therefore, appropriate designs should be able to quickly escalate to the
highest dose without treating too many patients at lower doses. This type of scenario is
specifically important to trials with small sample sizes like the T cell trial here. We name
this type of scenario the FE scenario to represent fast escalation. See Table 2 for an
example. In the third type of scenario, the MTD is bracketed by two adjacent doses, with
one dose level much lower than the MTD and the other much higher. Desirable designs
should recognize that the higher dose is too toxic and assign most patients to the lower dose.
We name this type of scenario the BR scenario to indicate that the MTD is bracketed. See
Table 3 for an example.
Collectively, these three types of scenarios will tell if a design will 1) stop early when all of
the doses are too toxic; 2) escalate quickly when most doses are lower than the MTD; and 3)
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stop escalating when higher doses are excessively toxic. The three scenarios will help
investigators to filter out any designs that fail to perform well under the critical toxicity
configurations, thereby helping to protect patients from being exposed to inferior and toxic
doses.
We now demonstrate the performance of the proposed B-CRM under these three types of
scenarios in comparison to two well-known designs, the continual reassessment method
(CRM) and the 3+3 design. Tables 1-3 contain the operating characteristics of the three
designs under the ES, FE, and BR scenarios based on 2,000 computer-simulated trials.
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Table 1 presents an ES scenario in which the first dose is already too toxic with a 0.5
probability of toxicity. Due to the early stopping rule (rule 2) in our proposed algorithm, the
proposed B-CRM terminates the trial 88% of the time and terminates the trial early when
less than 6 patients are enrolled. The CRM with the same stopping rule terminates the trial
82% of the time. We also implemented a version of the CRM without the early stopping
rule. This method treats all of the 12 patients at excessively toxic doses and selects the first
dose as the MTD over 90% of the time. These results clearly indicate the importance of an
early stopping rule to a model-based dose-finding method.
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Table 2 demonstrates how important it is for a dose-finding method to be able to escalate
quickly under an FE scenario in which the highest dose is still below the MTD (with a
toxicity rate of 0.3, for example). Due to the small sample size, the 3+3 design is unable to
escalate quickly to the highest dose under this design. On average, less than two patients are
treated at the highest dose. The B-CRM and CRM both perform well under the FE scenario.
The results in Table 2 indicate that algorithmic designs such as the 3+3 are not suitable for
trials with small sample sizes because they do not combine information on different doses to
estimate the toxicity rates, and therefore inefficiently use information.
Table 3 examines the performance of the B-CRM and CRM under a BR scenario. Due to the
early exclusion rule (rule 3), the B-CRM is able to recognize that dose 2 is too toxic and
avoids selecting this dose as the MTD. Because the CRM does not have such a rule, the BCRM selects dose 2 as the wrong MTD almost 20% fewer times than the CRM.
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In addition to these three recommended scenarios, investigators may construct additional
scenarios to further examine the operating characteristics of the designs. In our example, we
created a total of five scenarios (Figure 1) and compared the proposed B-CRM design with
the CRM and 3+3 design under all of them.
We base the simulation on the setup of the aforementioned T cell trial. Specifically, the
maximum sample size equals 12. The MTD is defined as the highest dose with a toxicity
rate close to 17%. For the CRM, we assume that the prior probabilities of toxicity are 0.05,
0.10, 0.15, and 0.20. We tried several sets of prior probabilities of toxicity for the CRM and
presented the one with the best performance. The software for the CRM can be obtained at
http://biostatistics.mdanderson.org/SoftwareDownload/.
Examining the results summarized in Figure 2, we list the following observations:
1.

Due to its inferior performance in Scenarios 1 and 4, the 3+3 design should not be
recommended for this type of trial. In Scenario 1, the 3+3 design identifies dose 2
as the estimated MTD 14% of the time, compared to 49% by the CRM and 53% by
the proposed B-CRM. In Scenario 4, the 3+3 design cannot escalate quickly due to
its fixed cohort size of 3. Therefore, with a maximum sample size of 12 patients,
the 3+3 design cannot determine if the highest dose is an estimated MTD.
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2.

The CRM performs reasonably well in Scenarios 1-3. Its selection percentages of
the MTD in Scenarios 4 and 5 are lower than those of the proposed B-CRM.
Specifically, in Scenario 4, the CRM selects dose 4 as the estimated MTD 49% of
the time, compared to 69% by the B-CRM. In Scenario 5, the CRM selects dose 1
as the estimated MTD 67% of the time, compared to 85% by the B-CRM.

3.

The proposed B-CRM performs well in all of the scenarios and is the best of the
three methods under comparison. It is recommended for designing the T cell phase
I trial.
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Figure 3 further demonstrates how the proposed B-CRM estimates the dose-response curve
based on the observed toxicity data across all of the dose levels. The six plots present the
toxicity responses for each of the six cohorts during the course of a computer simulated trial
with 12 patients. Each plot also contains an estimated dose-response curve based on the data
seen within the plot. An animated documentation to further illustrate these results can be
downloaded at: http://odin.mdacc.tmc.edu/~ylji/BCRM_demo.wmv.

Discussion
Statistical remarks
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The challenges presented by dose-finding trials such as a T cell infusion trial necessitate
careful statistical modeling and designs. We have presented a Bayesian design in line with
the reassessment thinking of the CRM as a desirable solution for dose-finding problems with
small sample sizes. Our proposed design is favorable over algorithmic methods such as the
3+3 design, as well as model-based approaches such as the CRM.
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We have also proposed three types of clinical scenarios (ES, FE, and BR) that should be
used to critically evaluate a dose-finding method in computer simulations. These three
scenarios require reasonable methods for stopping the trial early when all of the doses are
too toxic, escalating quickly when all of the doses are below the MTD, and excluding toxic
doses during the course of the trial. For trials with a small sample size, these three properties
are particularly desirable and important for any dose-finding method to perform well. For
example, in our simulation the 3+3 design could not escalate quickly in an FE scenario, thus
making it inapplicable to our T cell trial. Although one may reduce the cohort size (e.g., by
inventing a 2+2 design) to achieve fast escalation, it seems difficult to determine a set of
algorithmic dose-escalation rules with only two patients per cohort. Model-based methods
are more efficient at using the information in the toxicity outcomes of patients treated at
different doses, and therefore should be recommended for trials with a small number of
patients.
An alternative approach is to design a phase I/II type of trial12,13 in which the toxicity
outcome and a certain type of activity outcome (such as some anti-tumor measure) are
monitored simultaneously during the dose finding. However, special effort is needed to
modify the statistical models of these approaches so that they will perform well with small
sample sizes. This is one of our future research projects.
It is important to monitor the toxicity of each T cell dose level in trials infusing T cells that
are numerically expanded ex vivo to achieve clinically-sufficient numbers. This is the case
when genetically modified T cells are derived from UCB, as only a limited number of
mononuclear cells are available from the donor for the generation of CAR+ T cells without
compromising hematopoietic engraftment in the patient (Figure 4).
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Medical remarks
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Adoptive immunotherapy with genetically modified T cells can provide a beneficial antitumor effect in clinical trials.14,15,16 One approach to improving in vivo persistence is to
adoptively transfer large numbers of T cells to the patient. This is founded on the premise
that the more T cells present in the inoculum, the greater the chances of infusing a subset of
cells with the potential to survive in vivo, and therefore the greater chance of a sustained
anti-tumor effect.17 The trade-off is that a larger number of clinical-grade cells requires the
time and expense of prolonged tissue culture, and the very act of culturing may render the
propagated T cells vulnerable to replicative senescence18,19,20 and differentiate the cells into
terminal effectors with a limited capacity for self-renewal despite engaging antigen via the
introduced CAR. Since these genetically modified T cells also express a functioning
endogenous αβTCR, an important safety consideration is whether the infused T cells will
lead to graft-versus-host-disease and/or aplasia. Therefore, a desirable dose level of T cells
to be infused should lead to prolonged persistence without causing an exacerbation of
existing toxicities or the development of new toxicities.
It is anticipated that achieving and sustaining a therapeutic anti-tumor effect will depend on
the dose of genetically modified T cells to be infused. Thus, the hypothesis to be tested is
whether infusing more T cells results in a beneficial effect. However, since time in tissue
culture is needed to propagate a larger number of UCB-derived T cells, more may not
necessarily be better, and the following variables need to be considered.
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(i) The cost of tissue culture in the good manufacturing practice facility—
Prolonged in vitro propagation consumes resources and is expensive in terms of reagents,
salaries, and the use of space within a facility operating in compliance with current good
manufacturing practice. Prolonged culture time also increases the possibility of inadvertent
contamination of the product. In addition, the Food and Drug Administration is expected to
require that early phase trials observe a monitoring period after each T-cell infusion and
before a subsequent patient receives cells. Thus, long culturing periods further prolong the
period of enrollment since simultaneous infusions are not currently considered safe.
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(ii) The potential for deleterious alloreactivity—Cryopreserved allogeneic UCB
contains (in addition to hematopoietic stem cells, HSCs) donor-derived T cells expressing an
endogenous αβ T cell receptor (TCR). While the specificity of the TCR is unknown, there is
a chance that these donor-derived T cells will participate in undesired alloreactivity caused
by the TCR recognizing haplo-human lymphocyte antigen manifested by graft-versus-hostdisease.
(iii) The potential for the T cells to differentiate into effector cells with limited
in vivo persistence—Most of the thawed UCB unit is infused to ensure hematopoietic
engraftment in the patient, and thus only a limited amount of neonatal blood is available for
ex vivo manipulation such as the gene transfer of T cells. Thus, the UCB-derived T cells
will need to be numerically expanded in tissue culture to achieve a clinically-significant
dose. However, repetitive stimulation of these naïve cells to enter into proliferative cycles
may cause them to differentiate into effector T cells with a potentially limited capacity for
continued persistence in vivo. Yet it is the naïve or memory pools of T cells that are
expected to persist after adoptive transfer.
(iv) The percentage expression of CAR—To generate large numbers of genetically
modified T cells from limited numbers of UCB mononuclear cells, we have developed an
artificial antigen presenting cell that triggers and sustains T-cell proliferation through an
introduced CAR.21,22 Over time, we observed an increase in the percentage of T cells
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expressing the CAR. Thus, the T cells that are infused early in the culturing process may
express lower levels of CAR than the T cells that are infused after prolonged in vitro
selection. This may impact the therapeutic effect. In the initial trail, we anticipate infusing
genetically modified T cells about 100 days after infusion of HSCs, at a time point at which
recipients of UCB transplantation have typically recovered their circulating CD19+ B
cells.23 Thus, the infused CAR+ T cells may undergo a selective survival advantage and
continue to undergo in vivo selection if the CAR recognizes an antigen, such as CD19, after
infusion.
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The B-CRM for the trial takes into account the dosing and timing of T cells so that the
number of T cells can be used to detect the long-term persistence of the infused cells while
avoiding excessive toxicity.

Method
In the T cell dose-finding trial, patients will be assigned to four doses of T cells: dose level I
(106/m2), dose level II (107/m2), dose level III (108/m2), and dose level IV (109/m2).
Patients met eligibility criteria for the trial will be assigned to a dose level, and will be based
on the following statistical design.
The total sample size is 12 patients and the cohort size is 2. A cohort size of 3 is deemed too
large because we only have 12 patients and need to evaluate up to four doses.
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Denote p(d) as the probability of toxicity at dose level d. We assume that
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where int is a fixed known constant and α is an unknown parameter. For the T cell trial, we
take int = -10, which implies that at dose d = 0, the probability of toxicity equals e-10 /
(1+e-10) ≈ 0. In general, the value of int is determined based on the prior information of
toxicity at dose 0 and by calibration with respect to the operating characteristics of the
design. For this trial, we found that int = -10 gave the best performance among the values we
tried (int = -1, -3, -10, and -20). The parameter α is assumed to be positive and follows a
prior unit exponential distribution. Therefore, the probability of toxicity is assumed to
increase with the dose level. We log10 transformed the four dose levels to obtain the
transformed dose levels d = 6, 7, 8, and 9, respectively. Since the prior mean of α equals 1,
the prior toxicity rates at the four dose levels are 0.02, 0.05, 0.12, and 0.27, respectively,
computed by plugging int = -10 and α = 1 into the formula for p(d). These rates were
considered to be reasonable estimates based on our clinical experience. For other trials, one
can rescale the dose levels so that desirable prior toxicity estimates can be obtained based on
the prior mean of α and the dose-response curve p(d). Note that the above rates only
represent the prior mean estimates. The uncertainty about these estimates is reflected in the
prior variance associated with α. For example, the prior standard deviations for p(1) – p(4)
are 0.35, 0.39, 0.41, 0.43, respectively.
Denote d1, d2, d3, and d4 as the four transformed dose levels. Define the maximum tolerated
dose (MTD) as the highest dose at which the probability of toxicity is close to pT, a target
probability of toxicity (here, pT = 0.17). For i = 1,…,4, the trial data consist of x(di), the
number of observed toxicities at dose di, and n(di), the number of patients treated at dose di.
For each patient, the toxicity outcome is either 0 (no toxicity) or 1 (toxicity). The likelihood
function is defined as the product of the binomial probability mass functions over all the
dose levels and all the patients treated.
J Biopharm Stat. Author manuscript; available in PMC 2013 January 01.
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With the definition of the likelihood and the unit exponential prior for α, we can estimate
the posterior distribution of α via a random walk Markov chain using a Metropolis-Hastings
proposal. Statistical inference can then be based on the posterior samples of α. We used the
R software for computation and the R program is available at http://odin.mdacc.tmc.edu/
~yuanj/bcrm.R/.
We propose a Bayesian dose-finding algorithm as follows.
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1.

The first cohort is assigned to dose level I (106/m2). No untried dose will be
skipped in the dose escalation.

2.

[Early Stopping] If at any point during the trial Pr(p(d1) > pT ∣ data) > 0.9, the trial
is terminated and no dose is selected as the MTD.

3.

[Early Exclusion] If at any point during the trial Pr(p(di) > pT ∣ data) > 0.9 for i =1,
…,4, dose levels di and higher will never again be used to treat patients in the trial.
The highest dose level available for the remainder of the trial will be di–1.

4.

Subject to rules 1, 2, and 3, the next cohort is treated at dose j with the largest
posterior probability

$watermark-text

until the maximum sample size is reached (Here abs() represent the absolute value)
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The algorithm consists of four decision rules. Rule 1 is standard to most dose-finding trials.
Rule 2, the early stopping rule, is a safety rule that terminates the trial when the first dose is
shown to be too toxic. Specifically, the rule states that when there is a high posterior
probability that the first dose’s toxicity rate is higher than the target rate pT, the trial will be
terminated and no dose will be selected. Rule 3 is another safety rule that prevents treating
patients at toxic doses. The rule states that when there is a large posterior probability that
any dose’s toxicity rate is higher than the target rate pT, that dose and all of the higher level
doses will be excluded from the remainder of the dosefinding trial. Rule 4 is the core rule of
our proposed algorithm and sequentially determines the most appropriate dose for the next
cohort of patients. This rule compares all of the doses and selects the one closest to the MTD
in terms of the absolute difference in their probabilities of toxicity. Note that unlike most
decision rules in the literature,1,2 rule 4 is based on posterior probabilities, and therefore
automatically accounts for the variability in the estimation of the dose toxicity rates. In
addition, the posterior probability in rule 4 compares the doses internally rather than
comparing them to a specific threshold. This type of internal comparison has been shown in
the literature24 to perform well.
Note that the single-parameter logistic model specified as p(d) has already been discussed in
the literature, e.g., by Shen and O’Quigley (1996). The contribution of this paper is on 1) a
simple Bayesian implemention and calibration procedure that helps design small-size trials
under the model, 2) a full probability-based decision rule with complementary and important
safty rules, and 3) the introduction of a set of scenarios that can used to fully evaluate a
given dose-finding approach for various properties.
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Figure 1.

Simulation results comparing the B-CRM, the CRM (with early stopping), and the 3+3
design based on the T cell dose-finding trial. The maximum sample size is 12 and the target
toxicity rate is 17%.
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Figure 2.

Dose-response curves of the five scenarios in the simulation study.
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A computer-simulated trial example with estimated dose-response curves by the B-CRM.
The estimated curves were obtained by plugging the posterior mean of α into the formula
for p(d). In this simulation, the four dose levels were assumed to have toxicity rates of 0.05,
0.15, 0.50, and 0.60, respectively. A square indicates a dose limiting toxicity (DLT) event
and a triangle indicates no DLT. The red color implies that the corresponding dose level is
used to treat patients during the trial. The first cohort of two patients treated at dose level 6.0
did not have DLT, and therefore the second cohort was treated at dose level 7.0. No DLT
was observed for the second cohort as well. The third cohort was treated at dose level 8.0,
where both patients had DLTs. Then the fourth cohort was treated back at dose level 7.0 and
no DLT was observed. Because both patients treated at dose level 8.0 had DLTs, the fifth
and sixth cohorts of patients were still treated at dose level 7.0 instead of 8.0 (due to the
Early Exclusion rule). In the end, one of eight patients treated at dose level 7.0 had a DLT,
and 7.0 was selected as the MTD.
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Figure 4.

Schematic of culturing clinical-grade T cells derived from umbilical cord blood.
(A) Hypothetical propagation of UCB-derived CD19-specific CAR+ T cells after
electrotransfer DNA into 107 total nucleated cells on day 0 of tissue culture, assuming a 7fold expansion every 7 days beginning on day 7. On average we observe approximately 30%
CAR expression on day 1, and the loss of CAR+ T cells through day 7 reflects that not all of
these initially CAR+ T cells have integrated transgene. We estimate that electroporating 107
T cells (e.g. taken from ~1.43 mL of a 25 mL standard UCB unit cryopreserved at MDACC,
with post-process banked UCB unit CD3+ T-cell count of ~7×106/mL) will numerically
expand to >2×1010 cells after 28 to 35 days of continuous co-culture on CD19+ artificial
antigen presenting cells added every 7 days. The use of ~1.5 mL of banked UCB for the
manufacture of T cells is not predicted to harm hematopoietic engraftment, as we will
require that the total (if necessary, combining up to two units) amount of UCB infused be
≥3×107 TNC/kg recipient weight, approximately equivalent to >0.8 mL/kg (assuming
3.8×107 TNC/mL UCB banked at MDACC) of the total post-processed UCB unit(s). Note
that T cells are dosed based on total nuclear cell count and not percentage of CAR+ T cells.
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(B) Hypothetical graph showing the differentiation of T cells into effector cells over time
and accompanying loss of naïve/memory cell phenotype.
(C) Schematic of the cell surface phenotype of genetically modified T cells over time.
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