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Abstract The aim of this study was to develop a placebo
model for bipolar disorder to help optimize clinical trial
designs for studies targeting manic episodes in bipolar
disorder. A bipolar disease database was built based on
individual longitudinal data collected from over 3,000
patients in 11 clinical trials for 5 approved bipolar drugs.
An empirical placebo effect model with an exponential
decay process plus a linear progression process was
developed to quantify the time course of the Young Mania
Rating Scale total score based on only placebo data from
the database. In order to describe the dropout pattern during the trials, a parametric survival model was developed
and the Weibull distribution was identified to be the best
distribution to describe the data. Based on the likelihood
ratio test, it was found that patients with higher baseline
score, slower disease improvement and more rapid disease
progression tended to dropout earlier, and the trial features
such as trial starting year and trial site were also significant
covariates for dropout. A combination of the placebo effect
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model and the dropout model was applied to simulate new
clinical trials through Monte-Carlo simulation. Both the
placebo effect model and dropout model described the
observed data reasonably well based on various diagnostic
plots. The joint placebo response and dropout models can
serve as a tool to simulate the most likely level of placebo
response with the expected dropout pattern to help design a
new clinical trial.
Keywords Bipolar disorder  Placebo model 
Dropout  Clinical trial simulation

Introduction
Bipolar disorder is a treatable and recurrent psychiatric
illness with different symptomatic episodes (mania,
depression and mixed states) [1, 2]. Current drug treatments include atypical antipsychotics, anticonvulsants and
mood stabilizers. The Young-Mania Rating Scale (YMRS)
is the most commonly used rating scale to assess the
severity of manic symptoms [3]. It consists of 11 items,
each scored from 0 to either 4 or 8. The total score can
range from 0 to 60, with a higher score implying more
severe symptoms.
As is true for most neuropsychiatric disorders, clinical
trials for bipolar disorder are generally considered to be
challenging. One of the challenges is that placebo response
varies widely, both within and across clinical trials. This
variability in placebo response may be one explanation for
the relatively modest drug-placebo differences observed in
clinical trials targeting manic symptoms in bipolar patients,
which significantly interferes signal detection for new
medications and even results in failure of trials [4]. Thus it
may be useful to develop a placebo model to quantify the
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time course of placebo effect across different trials and to
identify factors that can explain the heterogeneity in placebo response. Such a model could serve as a valuable drug
development tool to help design future clinical trials by
providing a quantitative assessment of the expected placebo response in a specific patient population. In the area
of antipsychotic placebo effect modeling, various models,
e.g., linear model, Weibull model, and inverse Bateman
function, have been used to describe the placebo effect in
schizophrenia [5, 6], depression [7], Alzheimer’s disease
[8] and Parkinson’s disease [9]. A placebo effect model for
bipolar disorder has not yet been described in the literature.
High dropout rate is another common problem in bipolar
mania trials. Missing data due to dropout can introduce
potential biases in the comparison of treatment groups,
reduce the overall statistical power, and inflate type I error,
depending on how the missing data are handled and the
reasons for dropout. Last observation carried forward
(LOCF) is one of the missing data imputation methods
applied widely in practice. With this method, the last
observed value is retained and carried forward to subsequent time points until the last time point with missing
data under the assumption of a constant profile after
dropout. Another similar imputation method is called
baseline observation carried forward. These simple imputation methods are not recommended as the primary
approach to the treatment of missing data unless the
assumptions that underlie them are scientifically justified
[10]. Dropout patterns in clinical trials can be quantified
with parametric dropout models [11–13]. Certain patient
characteristics and trial features can influence dropout in a
systematic way. These factors can be incorporated into the
dropout model to explain the between-patient or betweentrial variability in dropout patterns. Such a model can be
used together with the placebo effect model to simulate the
possible placebo response with realistic dropout patterns to
assist in the design of a new clinical trial. This approach
has been implemented in other disease areas [12, 14] and is
an essential component of model-based drug development
[15, 16].

Methods
Disease database
A disease database was developed including patient-level
data from 11 clinical trials targeting manic symptoms in
bipolar patients for 5 drugs approved for the acute treatment of manic symptoms in patients with bipolar disorder.
Trial selection was driven by availability of electronic
datasets containing longitudinal YMRS score measurements. All the data were organized into a pooled database
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in a uniform structure and format. All of these clinical trials
were randomized, double-blind, placebo-controlled, parallel group studies with the same primary efficacy endpoint
(change from baseline in YMRS total score at day 21) and
similar inclusion criteria. Some key differences in trial
designs included trial duration (3 vs. 12 weeks), number of
treatment groups (2 vs. 3), trial locations (with US centers
vs. without US centers), and the time when the trials were
conducted (before 2002 or after 2002). SAS 9.2 was used to
organize the data and build the database.
Placebo effect model
The longitudinal YMRS score data were analyzed using
nonlinear mixed effect models. The models reported for
other neuropsychiatric disorders were first explored as
candidate models to describe the time course of YMRS
scores. Although the time course for the mean YMRS total
score in the placebo arm of clinical trials for bipolar disorder was generally similar to other neuropsychiatric disorders, none of reported models was able to capture the
heterogeneous individual YMRS profiles. A model using a
combination of an exponential decay process and a linear
progression described the individual YMRS profiles reasonably well. The structure of the model is shown in Eq. 1:
Ei ðtÞ ¼ S0i  eKi t þSlopei  t þ ei ðtÞ

ð1Þ

where Ei is the observed score for ith subject at time t
(day), S0i is the observed baseline score for ith subject, Ki
is the rate constant of exponential disease improvement for
ith subject, Slopei is the rate of linear disease progression
for ith subject, and ei is the difference between the
observed and expected scores and is assumed to follow
normal distribution with a mean of 0 and variance of r2.
Both Ki and Slopei were assumed to follow log-normal
distribution (Eq. 2).

ð2Þ
Pi ¼ exp LPpop þ gi
where Pi is the individual parameter, LPpop is the logtransformed population geometric mean, and gi is the
difference between the individual and population parameters on a log scale and is assumed to follow a normal
distribution with a mean of zero and variance of x2
(between-subject variability). Various patient characteristics such as age, gender, race, and baseline score were
explored as potential covariates to explain the betweensubject variability for the two parameters.
In order to constrain the simulated score within the
YMRS range of 0–60, a logit function (Eq. 3) was used to
transform both the data and the model (Eq. 1):
LogitðEÞ ¼ log

E=60
1  E=60

ð3Þ
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At the boundary of 0 or 60, 0.1 or 59.9 was used to avoid
invalid logit transformation. A transform-both-sides
approach was applied. NONMEM 7.2 was used to build the
placebo effect model with the first-order conditional estimation (FOCE) method, and SAS 9.2 was applied to create
the diagnostic plots.
Placebo dropout model
A parametric survival model (Eq. 4) was utilized to
describe the dropout pattern during the trials.
T ¼ expðx0 bÞ  T0

ð4Þ

where T is the dropout time, T0 is the dropout time sampled
from the baseline distribution corresponding to values of
zero for the covariates, x’ is the vector of covariate values
and b is a vector of unknown parameters.
Various patient characteristics and trial features were
explored as potential covariates to explain the betweenpatient or between-trial variability in dropout patterns.
Patient characteristics included the observed baseline
score, the estimated individual parameters Ki and Slopei
from the placebo effect model, age, gender and race. Trial
features were incorporated into the model as categorical
variables, including trial starting year (0 for before 2002; 1
for after 2002), location of the trial (0 for trials with US
sites; 1 for trials without US sites) and number of treatment
arms (0 for 2 arms; 1 for 3 arms). Several commonly used
distributions for time-to-event data, including exponential,
log normal, Weibull, and gamma, were tested for T0.
Likelihood ratio tests and diagnostic plots were applied to
select an appropriate distribution.
Evaluation of the dropout model was conducted through
internal validation. One thousand sets of parameters were
simulated based on the parameter estimates and their variance–covariance matrices from the final model. Then,
1,000 replicates of time-to-dropout data were simulated for
each trial on the basis of the simulated parameters, the
baseline YMRS score, and relevant covariates in the trials.
Median survival curves and 95 % confidence intervals
(CIs) were constructed across the 1,000 replicates. The
simulated survival curves were compared to the observed
survival curves (median and 95 % CI). SAS 9.2 was used
to build the placebo dropout model (PROC LIFEREG) and
evaluate the final model.
Model evaluation for joint placebo effect and dropout
models
The placebo effect model and the dropout model were
combined to simulate the longitudinal YMRS score in
clinical trials through Monte-Carlo simulation. Each

patient’s parameters for placebo effect model were simulated by a bootstrap sampling from the individual parameter set in each trial. A full time course of YMRS scores
was simulated for each patient based on the scheduled visit
times in each trial. Dropout time was also simulated for
each patient based on the final dropout model with the
relevant covariates. The dropout time for each patient was
used to truncate the simulated YMRS score. For example,
if the scheduled visit times were baseline, day 7, 14 and 21,
and the simulated dropout time was day 15 for a specific
patient, the simulated YMRS score on day 21 for that
patient was removed. This procedure was repeated 1,000
times for each trial. Median and 90 % CIs were summarized for the 5th, 50th and 95th percentiles at each visit
time based on the simulated longitudinal YMRS score
across the 1,000 replicates for each trial. These statistics
were compared with the observed ones in each trial.

Results
Disease database
Patient-level longitudinal data from over 3,000 patients
enrolled in 11 clinical trials for 5 drugs approved for the
acute treatment of manic symptoms in bipolar disorder
were included in the database (Table 1). Most of these
trials were 3 weeks in duration, however, 2 trials for drug
D had a duration of 12 weeks. For these latter trials, the
additional 9 weeks were designed for assessment of the
maintenance effect. All the trials with 2 treatment arms
were conducted in the US, except for study B3; all of the
3-arm trials were carried out at international sites. Even
though trial A1, B3, C1 and C2 included multiple international sites, over 50 % of the sites were in the US. All
trials were conducted after 2000; studies C1, C2 and E1
were the most recently conducted trials. The demographic
information and baseline YMRS total scores are summarized in Table 2 and compared across trials conducted at
non-US sites, mainly US sites, and only US sites. The
largest demographic differences across trial sites were in
race. Higher baseline scores in non-US trials were due to
the different enrollment criteria in these two trials.
Placebo effect model
The observed YMRS score ranged from 0 to 58. Less than
2 % of the data were at the boundary of 0. The choice of
0.1 to replace 0 for a valid logit transformation was supported by the insensitivity of the model parameters (\20 %
change for any parameter) to this arbitrary small number
(0.1, 0.001 or 0.0001). Even though more complex methods were proposed to handle bounded continuous data
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[17, 18], the impact of the boundary issue on the intended
utility of the model is minimal in our case and the relatively simple method of shifting the boundaries by a small
margin is considered practically sufficient. No significant
covariates were identified for the individual parameters, Ki
and Slopei. The final estimates of parameters as well as the
precision measures of the estimates for the placebo effect
model are listed in Table 3. Large between-subject variability was observed for K and slope, which should be
expected given the highly variable YMRS score profiles
across different patients. All parameters were estimated
with good precision. The mean value of log-transformed
baseline score, log(S0) was 3.37 with a standard deviation
of 0.202.
Figure 1 shows the comparison of individual observations, individual predictions and population predictions of
time-course of YMRS total score for some representative
patients. Even though the population profile is a simple
monotone curve, the individual profiles could vary dramatically among patients. The final model was flexible
Table 1 Summary of drug and trials in the disease database for
bipolar disorder
Drug

Trial

A

A1

B

C

D
E

Duration
(week)

No. of treatment
Arms

Year of
trial

Country

3

3

2000–2001

MainlyUS

A2

3

2

2000–2001

Only US

A3

3

2

2002–2003

Only US

B1

3

2

2000–2001

Only US

B2

3

2

2000–2001

Only US

B3

3

2

2002–2003

MainlyUS

C1

3

3

2004–2006

MainlyUS

C2

3

3

2004–2006

MainlyUS

D1

12

3

2001–2002

Non-US

D2

12

3

2001–2002

Non-US

E1

3

2

2006–2007

Only US

Table 2 Demographic and
baseline characteristics

enough to describe the various types of individual profiles.
In Fig. 2, scatter plots of the individual observed and
predicted YMRS total scores for each study is shown with
the reference to the identity line to illustrate that the same
structural model could fit all the studies reasonably well.
Placebo dropout model
Weibull distribution was selected for the dropout model on
the basis of likelihood ratio tests (Table 4). Among the
various patient characteristics and trial features, five
covariates were identified as significant predictors for timeto-dropout (Table 5). They are baseline score, individual
parameter Ki and slopei, trial location and starting time.
The estimated coefficients suggested that patients with
higher baseline scores and steeper slopes (progression) for
placebo effect tended to drop out earlier in the trial while
patients with larger K (disease improvement) tended to
drop out later, or not all. The trials without US sites and the
more recent trials tend to have a longer time to dropout or a
lower dropout rate at week 3.
The graphic comparison of survival curves with simulated data and those with observed data (Fig. 3) demonstrated that the dropout model could reasonably describe
the observed dropout pattern under the placebo treatment in
most trials except for trial A3. Trial A3 showed a relatively
large discrepancy between the predicted data and the
observed data. Efforts were taken to explore possible reasons for this discrepancy. No reasonable factors were
identified to explain this observation. It could be due to
between-trial variability. However, the number of trials is
too limited to explicitly model between-trial variability.
Model evaluation for joint placebo effect and dropout
models
The combination of the placebo effect model and the
dropout model is necessary to simulate a new clinical trial.
Figure 4 shows the graphic comparison of longitudinal
YMRS score summaries at 5th, 50th, and 95th percentiles

Characteristic

Non-US (n = 2)

Mainly-US (n = 4)

Only-US (n = 5)

ALL (n = 11)

No. of patients (%)

599 (18.3)

1,584 (48.4)

1,087 (33.2)

3,270 (100)

Gender, Female (%)

52.8

44.3

49.4

47.5

% Race
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White (%)

62.9

59.8

66.2

62.5

Asian (%)

34.4

13.1

1.4

12.9

Black (%)

\1

16.0

26.7

16.6

Age, Median (range)

41 (18–79)

39 (18–76)

40 (18–76)

40 (18–79)

YMRS baseline
Mean (SD)

33.2 (6.5)

28.6 (5.8)

28.4 (5.6)

29.4 (6.2)
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between the simulated data and the observed data. The
shaded area for each percentile represents the 90 % confidence interval based on the simulated data. Overall, the
combination of the two models successfully reproduced the

longitudinal YMRS score under the influence of dropout
for each trial.

Discussion
Table 3 Parameter estimates of placebo effect model for pooled
dataset
Parameter

Estimate (SE)

x2 (SE)

Shrinkage %

Log(K)a

-3.25 (0.00373)

1.25 (0.0385)

23.5

Log(Slope)a

-1.49 (0.00149)

1.27 (0.0004)

15.5

d
a

3.86 (0.00113)
K and slope were estimated to be 0.0388 and 0.225

The aim of this study was to leverage existing clinical trial
data under placebo treatment that can be quantified via
parametric models to help optimize clinical trial designs for
future bipolar mania studies. As part of this effort, a
standard disease database was constructed, with common
variables across multiple bipolar clinical trials to facilitate
the model building process and future model updates with
more accumulated data.

Fig. 1 Goodness of fit plots. Comparison of individual observation (open circle), individual prediction (dotted line) and population prediction
(solid line) on time profile of YMRS total score for some representative patients
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Fig. 2 Goodness of fit plots. Scatter plot of the individual observed and predicted YMRS total scores with the reference identity line for each
study
Table 4 AIC and -2 log likelihood (-2LL) values under various
distributions (Exponential is nested within Weibull (df = 1), Weibull
is nested within Gamma (df = 1), and log-normal is nested within
Gamma (df = 1))

Table 5 Parameter estimates of placebo dropout model for pooled
dataset
Parameter

Coefficient
estimate

Std.
error

Chi
square

P Value

6.24

0.54

131.71

\0.0001

-0.72

0.16

20.97

\0.0001

0.35

0.04

91.08

\0.0001

-0.31

0.04

67.92

\0.0001

Distribution

AIC

-2LL

Exponential

2,360.5

2,346.5

Log(baseline)

Weibull

2,240.1

2,224.1a

Log(k)

Log-normal

2,305.1

2,289.1

Log(slope)

Gamma

2,238.7

2,220.7a

Country

0.86

0.11

63.06

\0.0001

Starting year

0.33

0.06

30.02

\0.0001

Intercept

a

Reduction in -2LL is [3.8, corresponding to P B 0.05 for Chi
square test with degree of freedom (df) of 1. The significance for
Weibull is relative to Exponential. Relative to Log-normal, Gamma is
significant. Between Gamma and Weibull, the reduction in -2LL is
3.4. Therefore, Weibull was selected

To quantify the longitudinal placebo effect, an empirical
model was selected to describe the time course of the
primary efficacy endpoint, YMRS total score. Empirical
models are relatively simple and descriptive to fit the rating
scale profile in neuropsychiatric disorders within the
studied population and duration [4], while mechanismbased models or semi-mechanistic models may possess
more predictive power to extrapolate into new scenarios
that were not studied in the completed trials. In recent
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years, placebo responses have been analyzed with sophisticated biological tools at both biochemical and cellular
levels as a biological phenomenon worthy of scientific
investigation, and the increased understanding of the placebo-response mechanism provided potential opportunities
to build mechanistic models for placebo response [19].
However, the underlying mechanisms for placebo response
in bipolar clinical trials are still unclear and complicated
due to both psychological effects produced by medical
interventions and non-psychological factors, including trial
design, protocol conduct, and demographic differences.

J Pharmacokinet Pharmacodyn

Fig. 3 Comparison of survival curves for simulated data and
observed data. The dotted lines represent the median survival curves
and its 90 % confidence intervals for the observed data; the solid

black lines and shaded area represent the median survival curves and
its 90 % confidence intervals for the simulated data

Empirical models were selected to quantify and describe
the longitudinal placebo response in bipolar clinical trials.
As an initial model development strategy, several
empirical model structures from the literature [4] were
tested to explore whether any of them could describe the
time course of YMRS score under placebo treatment in
bipolar clinical trials. The rationale was that the overall
shape of mean YMRS total score time profile was similar
to those of clinical scores used in other neuropsychiatric
disorders. However, it was found that none of these models
(Emax, Exponential, Weibull, inverse Bateman) could
describe all possible individual profiles, such as monotone
increase, monotone decrease, and initial decrease followed
by increase. The final model that could provide flexible
fittings to all these profiles was a combination of an
exponential decay process and a linear progression. This
model structure was also utilized as an empirical model to
describe longitudinal HAMD-17 score for depression trials
[20] and longitudinal tumor data for non-small cell lung
cancer trials [21]. There are various approaches available
for handling baseline responses in pharmacokinetics–
pharmacodynamic analysis [22]. In our analysis, the
observed instead of estimated baseline score was used as

one of the predictors for the longitudinal placebo response.
The baseline score was available for every patient in all the
trials and was a standard patient recruitment criterion.
Using observed baseline score is one of the methods discussed by Dansirikul et al. [22] and the authors concluded
that this method was not significantly different from the
other methods that estimated the baseline score. Moreover,
using the observed baseline score can further simplify the
model with fewer parameters to be estimated.
Despite the efforts to look for potential covariates to
explain the between-subject variability in individual
parameters related to placebo response, no significant
covariate was identified from the commonly available
demographic factors such as gender, age, and race. However, it might be possible that some other factors related to
the disease and the treatment history may affect the change
in YMRS total score over time. Lipkovich and colleagues
[23] identified individual YMRS items, type of episode at
baseline, treatment history, number of previous manic
episodes, lack of disruptive-aggressive behavior and more
prominent depressive symptoms at baseline as potential
risk factors for relapse in patients who had responded to
treatment. However, it was challenging to explore the
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Fig. 4 Comparison of YMRS
total score time profiles between
simulation and observation for
all the studies. The dotted lines
represent the 5th, 50th, and 95th
percentiles of YMRS time
profile of the observed data; the
solid black lines represent the
5th, 50th, and 95th percentiles
of YMRS time profile of the
simulated data; shaded areas
represent the 90 % confidence
intervals for the percentiles

relationship between those potential factors and the placebo effect for the pooled bipolar database, since different
trials collected the information differently or some trials
did not include the relevant information. Even though the
two individual parameters, Ki and Slopei, were quantified
with statistical models without any covariates, these two
parameters could be treated as a baseline patient characteristic and considered as ‘‘inherent’’ features of the
patients. Researchers recently identified a potential gene to
predict placebo response in irritable bowel syndrome [24].
Therefore, they could be included as potential predictors,
together with other patient factors or trial features, to
explain the between-subject and between-trial variability in
dropout patterns.
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The final dropout model included baseline YMRS total
score, log(Ki), log(Slope), year when the trials were conducted and trial site as predictors for time to dropout. Steeper
slope (progression) was associated with earlier dropout
while larger K (disease improvement) was associated with
late dropout. This finding is consistent with the documented
most common reason for dropout in the placebo group: lack
of efficacy. Higher baseline score was found to be associated
with earlier dropout. William-Faltaos et al. [14] identified a
similar association for Alzheimer’s disease. It is widely
observed that patients with higher baseline scores tend to
experience greater improvement on active treatment, which
may support an enrichment design including only those
patients with more severe symptoms at baseline. The
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increased dropout for these patients under placebo treatment
should be considered in such a trial to avoid missing data due
to a high dropout rate.
Several trial features were explored as potential factors
to explain the different dropout patterns in various trials.
Trial starting year was included with the expectation that a
more recent trial may have fewer dropouts due to improved
medical care and facilities over time. The result did support
this expectation. The number of treatment arms is related to
the probability of patients being assigned to the active
treatment groups in a placebo controlled trial, and has been
reported to affect the placebo response for depression [25,
26], migraine [27], and schizophrenia [28]. It was shown
that the higher the likelihood of receiving active treatment,
the higher the response to placebo. However, the opposite
was reported for irritable bowel syndrome [29]. A similar
analysis was conducted to explore whether the number of
treatment arms affected the placebo response and dropout
rate for bipolar trials. Given the narrow range of this variable (2 or 3 arms), the number of treatment arms was not
identified as a significant factor for either the placebo
response or the dropout pattern.
Trial location has been reported as an important contributing factor for the heterogeneous results between or
within trials [30, 31]. A general observation has been that
non-US trials tend to have lower dropout rates. Our results
also suggest that non-US sites were associated with a lower
dropout rate. However, this finding needs to be explained
with caution. There may be other confounding factors, one
of which is trial duration. In this database, trial location is
highly confounded by trial duration, making it difficult to
conclude which factor was the true driver for the differential dropout rates. The lower dropout rate at week 3
observed in the non-US sites could be due to the different
culture or clinical practice in those countries. It could also
result from other incentives that may have been offered to
the patients to induce them to stay in the trials longer given
the planned longer duration to assess the maintenance
effect.
Simulation based on the combination of the placebo
effect model and the dropout model indicated good predictive capability of the joint models. Even though bootstrap re-sampling could lead to an under-representation of
the between-subject variability due to the shrinkage of the
individual parameters, this was not evident based on the
comparison between the simulated and observed results.
Since no between-trial variability was included in the
model due to the limited number of trials, the estimated
between-subject variability was inflated to a certain degree
by the between-trial variability. Therefore, the shrinkage
effect was compensated by the over-estimated betweensubject variability. For the sake of simulating a new clinical trial, such a model should represent a more

conservative scenario to avoid an over-optimistic view of
the between-subject variability and a potentially underpowered study. In addition, bootstrap re-sampling was
applied to maintain the trial specific distribution of the
individual parameters and covariates in order to compare
the simulated and the observed results for each trial.
Simulating from the estimated parameter distributions
would have generated almost identical simulated results for
each trial because it is impossible to match the trial specific
distribution of the individual parameters. Such a tool can
be used to generate expected placebo response for the
general bipolar population with the expected dropout pattern. This expected placebo response profile can serve as
the reference for a new compound that may become an
effective treatment. When the new compound is studied in
a phase 2 placebo-controlled trial, the observed placebo
response can be compared with the expected placebo
response simulated from the tool. If consistent placebo
responses are observed, the effect size for the new compound estimated from the phase 2 trial is reliable and can
be used to design the phase 3 trial with confidence.
Otherwise, the unusual placebo response observed in the
phase 2 trial should be explained with caution and, more
importantly, the effect size estimated for the new compound may not be reliable and could lead to an underpowered phase 3 trial. The same tool can also be applied to
simulate the expected placebo response for phase 3 trials.
In addition, an exposure–response model and a dropout
model for the new compound should be developed based
on the compound specific data. The drug specific models
can be combined with the placebo models to simulate a
complete phase 3 trial.

Conclusion
This study compiled a bipolar disease database with individual data from over 3,000 patients. This database can
serve as a standard data template and a convenient data
source for meta-analysis to address many challenging
questions that require across trial comparisons. When data
from future trials with more arms become available, these
new data can be easily integrated into the database with the
standard format. Ultimately, it may be possible to reach a
more definitive conclusion on the impact of the likelihood
of receiving the active treatments on the placebo response
and dropout probability for bipolar trials. The joint placebo
response and dropout models properly characterized the
observed longitudinal placebo response by taking dropout
into account. The developed models can be applied to
simulate the most likely level of placebo response to help
design a new clinical trial.
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