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A B S T R A C T

In order to better characterize the safety profile of investigational new drugs (INDs) during clinical development,
more interest and attention have been paid to ongoing safety monitoring and evaluation. The 2015 US FDA IND
safety reporting draft guidance compels sponsors to periodically evaluate unblinded safety data. However,
maintaining the trial blind is necessary to avoid jeopardizing the validity of study findings. In this article, we
propose an innovative new approach which includes analyzing both blinded and unblinded data. The proposed
two-stage framework incorporates periodic analyses of blinded safety data to detect and flag adverse events that
may have potential risk elevation related to experimental treatment, as well as planned unblinded analyses to
quantify associations between the drug and adverse events, and to determine thresholds for referring adverse
events for medical review and safety reporting.

1. Introduction

Evaluating patient safety is an integral and essential part of the
clinical trial process. Safety monitoring and evaluation from ongoing
clinical trials has a direct impact on the safety and clinical care of pa-
tients enrolled during and after completion of these trials. Goals of
ongoing safety evaluation from clinical trials include early detection of
important safety signals, protecting patients from unnecessary risks,
and developing the safety profile of the experimental treatment. The
regulatory landscape for safety monitoring of health care products has
changed considerably in recent years. The US FDA published a final rule
amending the safety reporting requirements under 21 CFR part 312 and
21 CFR part 320 in September 2010. The final rule has placed strong
emphasis on expediting reports of serious events with a reasonable
possibility of being associated with the experimental treatment, so that
safety evaluations are not confounded with excessive noise and product
safety can be assessed more meaningfully [1]. In particular, the 2012
final guidance on IND safety reporting (Safety Reporting Requirements
for Investigational New Drug (IND) and Bioavailability/Bioequivalence
(BA/BE) Studies) recommends that sponsors conduct ongoing safety
evaluations, including periodic review and analysis of the entire safety
database, not only for IND safety reporting purposes, but also to update
the investigator brochure (IB), protocol, and consent forms with new
safety information [2].

Moreover, the 2015 draft guidance (Safety Assessment for IND
Safety Reporting) provides recommendations on the composition and
role of a safety assessment committee (SAC), how it differs from a data
monitoring committee (DMC), and how and when to unblind safety
data. Specifically, the US FDA recommends “unblinding to allow a
comparison of event rates and detection of numerical imbalances across
treatment groups to identify important safety information.” [3]. It is
generally agreed that unblinding during ongoing clinical trials, by an
independent expert committee (such as a DMC or SAC), is needed to
identify and evaluate important imbalances in serious adverse events
while studies are ongoing [3,4]. With randomized and blinded clinical
trials, it is also necessary to maintain the blind of study personnel to
treatment assignment in order to avoid jeopardizing the validity of
study findings. Auspiciously, ongoing analysis of blinded safety data
can be used to inform relationships between the drug and adverse
events. With an expected range of event rates from internal and/or
external data sources, we can assess whether there is a possible risk
elevation due to experimental treatment. Furthermore, evidence from a
blinded safety analysis could be used to evaluate the need for per-
forming an unblinded safety analysis [5,6]. Therefore, it is feasible and
potentially advantageous to combine the strength of both periodic
blinded analyses and planned unblinded analyses for monitoring and
evaluation of accumulating safety data.

In this article, we propose a two-stage framework for ongoing safety
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monitoring and evaluation. In the first stage, we periodically analyze
blinded safety data to detect and flag adverse events that may have
potential risk elevation related to experimental treatment. In the second
stage, we conduct planned unblinded analyses to quantify associations
between the drug and adverse events, and to determine thresholds for
referring adverse events for medical review and possible safety re-
porting. The remainder of this article is organized as follows: In Section
2, we describe the proposed two-stage framework for ongoing safety
monitoring and evaluation. Extensive simulations are presented in
Section 3 to evaluate the performance of the proposed approach, in
comparison to a single-stage approach with only an unblinded analysis.
Practical considerations and related issues are discussed in Section 4.

2. Methods

2.1. General framework

Many adverse events are anticipated to occur in patients during the
course of a clinical trial. These events are recognized on the basis of
prior experiences (both clinical and non-clinical studies) with the pro-
duct under investigation and with related products. The safety mon-
itoring and evaluation process needs to distinguish between events that
are adverse drug reactions (i.e., events likely caused by the investiga-
tional product) from those that likely would have occurred in the ab-
sence of the product (i.e., events that commonly occur in the disease
population) [7]. The 2012 US FDA final rule describes two situations
that would require an aggregate assessment to judge a causal associa-
tion between the drug and an adverse event, which could require the
sponsor to notify the FDA and all participating investigators in an IND
safety reporting process: a. whether there is an unexpected adverse
reaction occurring more frequently in the experimental treatment group
than in a concurrent or historical control group (21 CFR 312.32(c)(1)
(i)(C)); b. whether there is an increased rate of occurrence of a pre-
viously recognized adverse reaction over that listed in the IB or protocol
(21 CFR 312.32(c)(1) (iv)) [1]. The proposed two-stage framework in
this article is designed to evaluate all the aggregated adverse events in
the ongoing clinical trials, with both blinded and unblinded data. The
primary objective of the first stage blinded analysis is to provide early
alerts on whether the adverse event rates in the ongoing clinical trials
are higher than the expected rates which are derived from historical
information. In the second stage, the flagged potential adverse reactions
(from the first stage) plus well-established adverse reactions (listed in
the IB or protocol) will be further evaluated in the unblinded analysis.
The primary objective of the second stage unblinded analysis is to de-
velop a procedure for testing associations between the drug and adverse
events and establishing a threshold for tackling multiplicity that can
properly balance the false positive and false negative error rates. Fig. 1
displays a flow chart of the proposed two-stage framework for safety
monitoring and evaluation.

In the following sections, we will illustrate the proposed two-stage
framework in a single randomized clinical trial; however, the proposed
framework can be generalized to aggregate analysis across multiple
trials in a clinical program. Suppose we have m(0) independent adverse
events to be monitored simultaneously in a randomized clinical trial.

Without loss of generality, suppose there are only two arms: experi-
mental treatment and control. The randomization ratio between ex-
perimental arm and control is r. Among all the m(0) events, the pro-
portion of adverse events with and without elevated risk are π1 and
π0= 1− π1, respectively. Assume a group of adverse events have been
recognized as adverse reactions listed in the IB or protocol, based on
pre-clinical studies, completed trials, or other information. Denote the
proportion of previously recognized adverse reactions among all ad-
verse events as q. For the ith adverse event, we assume the incidence
rate is pi1 for the control arm, and pi2 for the active treatment arm.
Assuming the total number of subjects enrolled to the current study is n,
we only observe {Yi : i=1,2,⋯,m(0)}, the total number of incidences
across trial arms among n subjects when the data are blinded. While for
the unblinded analysis, we can observe full data {n1,n2,
(Xi1,Xi2) : i=1,2,⋯,m(0)}. Table 1 illustrates the observed data when
blinded and when unblinded.

2.2. First stage: blinded analysis

The blinded data,without treatment information, can be obtained by
the sponsor while the study is ongoing. With background event rate
information from data sources external to the current study, sponsors
can conduct blinded comparisons. Analyses of pooled (blinded) data
can provide early alerts and additional assurance to sponsors before the
planned unblinded analyses are carried out [8]. Boundaries for the
blinded analyses are set up as alerts, they are not intended for im-
mediately stopping the trial. Events that cross a boundary are flagged as
potential adverse reactions that would warrant further evaluation.

Statistical methods have been developed for ongoing blinded safety
monitoring [5,6,9–14]. Continuous safety monitoring is a dynamic
process and Bayesian methods provide an excellent framework for
monitoring of blinded safety data. They allow sponsors to take ad-
vantage of information originating from multiple sources, both internal
and external to the trial. For example, they provide flexibility for in-
corporating historical knowledge of the safety profile into the decision
making process. The sequential probability ratio test (SPRT) [10] and
other likelihood-based methods [11] have also been developed for
blinded safety monitoring. We apply a Bayesian safety monitoring
method for the first stage blinded analysis, originally proposed by Ball
[9]. Other well developed blinded safety monitoring methods are also
feasible for our two-stage framework, but will not be illustrated in this
article.

Assume the pooled number of events for adverse event i across both
trial arms, {Yi : i=1,2,⋯,m(0)}, follows a Binomial(n,θi) distribution,
where θi is the weighted rate of event i for both experimental and
control arms combined under the randomization ratio r. A prior is

Fig. 1. The general framework of the proposed two-stage approach.

Table 1
Blinded vs. unblinded data.

Observed data Control arm Treatment arm

Unblinded Xi1 ~ Binomial(n1,pi1) Xi2 ~ Binomial(n2,pi2)
Blinded Yi= Xi1+ Xi2
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imposed on θi under the Bayesian framework, assuming the prior dis-
tribution for θi is Beta(α0i,β0i). Note α0i/(α0i+ β0i) can be viewed as the
mean rate of event i from the prior database and α0i+ β0i can be viewed
as the prior sample size. This is the classical Beta-Binomial model where
the posterior distribution of θi is Beta(α0i+ Yi,β0i+ n− Yi). Suppose a
critical pooled rate of event i is determined to be θci. The posterior
probability of the pooled rate being greater than the critical pooled rate
is thus

∫> = = + + −θ θ Y y α Y β n Y θP( | ) Beta( , )d ,i ci i i θ i i i i i
1

0 0
ci (1)

where Beta (α0i+ Yi,β0i+ n− Yi) is the probability density function of
Beta distribution.

A simple alerting rule is P(θi > θci|Yi= yi) > θT, where θT is the
probability threshold boundary. θT is chosen to satisfy desired oper-
ating characteristics, such as false positive and false negative error
rates. Moreover, the quantity of θT represents how certain we want the
posterior probability of P(θi > θci|Yi= yi) to be before an alert is
considered. Using simulations, we can evaluate operating character-
istics with different values of θT. A set of θT can be selected, based on
the purpose of the threshold boundaries. For example, we can choose
one threshold boundary to flag potential adverse reactions and another
one to refer events to the DMC (or SAC) for an unblinded review.

Proper specification of priors and critical rates is crucial for good
performance of the blinded analysis [9]. The more certainty there is
about prior knowledge for event rates, the more confidence there will
be that the blinded analysis will make accurate inferences about the
rate of adverse events in the trial population. The multidisciplinary
team members should work together to discuss prior information for
incorporation into statistical models. One source of prior knowledge is
from internal studies, such as pre-clinical studies, early phase clinical
trials, and reference safety information (RSI) for the investigational
drug. Determining prior information from external sources requires
careful examination of heterogeneity and potential bias; however, each
source of data has its own strengths and limitations.

2.3. Second stage: unblinded analysis

Potential adverse reactions, flagged by the first stage blinded ana-
lysis, would compel further evaluation, via unblinded analysis, for
quantifying the strength of evidence of any associations. For ongoing
trials, the trial blind must be maintained, such that a DMC (or SAC)
would be the only group conducting unblinded analyses. Therefore, a
process for communication between the DMC and the study team must
be established to avoid unintentional unblinding. At the end of a trial,
the sponsor is able to access treatment information and conduct un-
blinded analyses. In this process, many adverse events are analyzed
simultaneously, which makes multiplicity adjustment necessary. The
ICH E9 guidance has recognized the investigation of safety and toler-
ability as a multidimensional problem [15]. One approach to address
the safety and tolerability implications is by applying descriptive sta-
tistical methods to the data, supplemented by the calculation of con-
fidence interval estimates of treatment differences. However, special
care should be taken when interpreting putative statistically significant
findings without appropriate multiplicity adjustment. Many articles
have pointed out the potential of too many false safety signals if the
multiplicity problem is not adequately addressed [16–18]. An increas-
ingly common approach to address this multiplicity issue is to control
the false discovery rate (FDR), which is loosely defined as the expected
proportion of false positives among all significant hypotheses. The key
objective in the context of evaluating potential adverse reactions is to
find as many true signals as possible, while controlling the possibility of
false positive findings to a certain level.

In the literature of multiplicity control, Benjamini and Hochberg
(BH) developed the first FDR controlling method, and showed that it
provides large gains in power over family wise error rate controlling

methods [19]. The BH p-value step-up procedure can provide strong but
potentially conservative control of FDR. Storey has proposed a modified
version of the FDR called the “positive false discovery rate” (pFDR)
[20]. This procedure provides strong, but less conservative, control of
FDR [21]. We will apply the pFDR method to control multiplicity for
our second stage unblinded analysis.

Without loss of generality, suppose that m(1) adverse events were
found to be potential adverse reactions. Together with the already es-
tablished adverse reactions listed in the IB or protocol, the total number
of events to be analyzed at second stage is m=m(1)+m(0) * q. Here we
list the essential computational steps involved in the testing procedure.
Theoretical proofs and technical details can be found in Storey and
Tibshirani's paper [20].

(1) Compute marginal p-values p1, p2, ⋯, pm.

To measure an event rate difference between two groups, commonly
used risk metrics are the risk difference, risk ratio, and odds ratio. Odds
ratio is mathematically equivalent to risk ratio when events are rare.
Risk difference tends to show conservative confidence interval coverage
and low statistical power for rare events [22]. Due to the low event rate
of many adverse events (especially serious events), we perform the
statistical tests on the risk ratio instead of the risk difference; however,
the testing procedure described in this section is also applicable for
other risk metrics. Marginal p-values are obtained by performing
Miettinen- Nurminen (MN) test [23]. The MN test is an asymptotic
method where the variance is estimated by maximizing the conditional
likelihood, which is commonly used for reporting confidence intervals
and p-values of between-treatment group comparisons, especially for
late-stage randomized trials.

(2) Estimate π0 by

=
> = ⋯

−
π λ

p λ i m
m λ

( )
#{ : 1, , }

(1 )
,i

0 (2)

where λ∈ [0,1]. π λ( )0 is a conservative estimate of π0 depending on the
level of λ. Choices of λ can be made with a smoothing spline or the
bootstrap method.

Fig. 2. Power and rate of false signals for first stage blinded analysis. Upper
panel shows the mean rate of false signals, the mean proportion of false alerts
among all the alerts. Bottom panel shows the corresponding power, the mean
proportion of alerts among all risk-elevated events.
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(3) Estimate FDR(t) by

= ⋅FDR t mπ t
S t

( )
( )

,0
(3)

for some threshold t∈ (0,1], where F(t)=# {pi≤ t : i is correspond true
null}, and S(t)=# {pi≤ t : i=1,⋯,m}. Strictly speaking, the FDR is
defined as = ⎡⎣

> ⎤⎦
>FDR t S t S t( ) | ( ) 0 { ( ) 0}F t

S t
( )
( )  . However, since the

number of tests m is large, ℙ{S(t) > 0}≈ 1. Therefore, alternatively
we compute a similar error measure called positive false discovery rate
(pFDR), which is defined as = ⎡⎣

> ⎤⎦
pFDR t S t( ) | ( ) 0F t

S t
( )
( ) .

(4) Estimate q-value by

= =
≥

q q p FDR t( ) min ( ).i i t pi
  

(4)

For a given test, the q-value is defined as the minimum pFDR at
which false positives occurred. It is a measure of evidence of the
strength of an observed statistic with respect to the pFDR. The q-value
gives each adverse event its own individual measure of evidence. In
addition, the q-value can be interpreted as a Bayesian version of the p-
value, which is the posterior probability of false positives among all
adverse events as or more extreme than the one that was observed.

Following the above test procedure, a q-value threshold can be
determined for possible association between drug and adverse events. If
a possible association between the drug and an adverse event was to be
identified, the clinical team would use medical judgment to assess the
possible causal relationship and judge whether or not an aggregate
safety report should be made.

Fig. 3. Power and rate of false discovery for the whole procedure. Panel (A) shows the empirical FDR, the mean proportion of false discoveries among all the
discoveries; Panel (B) the corresponding power, the mean proportion of true discoveries among all risk-elevated events. Panel (C) shows the number of identified true
risk-elevated events m2 for the second stage unblinded analysis, Panel (D) the corresponding proportion of non-risk events π0. Two-stage approach, solid line; single-
stage approach, dashed line.
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3. Numerical results

We illustrate our two-stage safety monitoring procedure with a
hypothetical trial inspired by a phase III trial. This hypothetical trial
randomized 4000 patients into treatment and control arms with a 1:1
randomization ratio. The priors and critical pooled rates were based on
the RSI from previously completed trials. Out of 1000 adverse events
(in preferred term) simulated, 50 events were previously recognized as
adverse reactions.

3.1. Data generating

The true event rates were based on the phase III trial that inspired
this research. We used Beta distributions to generate true event rates
where pi1 ~ Beta(0.4,5)/3 for previously recognized adverse reactions,
and pi1 ~ Beta(0.2,5)/3 for all other adverse events. The power of
testing procedures to detect a safety signal varies by the event ratio
between treatment groups. To assess the performance of the proposed
procedure, we assume 100 adverse events are true safety signals with
event ratio pi2/pi1= 3. However, not all events are observable in the
simulated trials due to the low event rates in the simulation. We have
excluded events with zero occurrence from our analysis since these

events would not be reportable in real clinical trials. In a safety ana-
lysis, the threshold for FDR needs to properly balance the false dis-
covery and false non-discovery error rates. In our illustration, we con-
trol the FDR level at α=0.1. All data generation and computation were
implemented in R.

3.2. Simulation results

We conducted simulations to evaluate the performance, under
various scenarios, of the proposed two-stage approach and to compare
it with the traditional single-stage approach, which only has an un-
blinded analysis (using method described in Section 2.3) at the end of
the trial. To simplify our illustration, only one blinded analysis and one
unblinded analysis are conducted for the proposed two-stage approach.
A total of 2000 independent simulations are performed for each sce-
nario and method.

Ongoing blinded analyses can detect potential safety signals while
the trial is still blinded. Fig. 2 displays the mean rate of false signals (the
mean proportion of false alerts among all alerts) and the corresponding
power (the mean proportion of alerts among all risk-elevated events) in
the first stage blinded analysis, with different levels of probability
threshold boundaries θT. The simulation results show that power de-
creases as θT increases. However, the corresponding rate of false signals
also decreases, and the rate of false signals decreases faster than power
decreases. Extensive simulations need to be conducted to evaluate the
balance between the rate of false signal and power. Ideally, to minimize
the noise, the rate of false signals should be as low as possible. At the
same time, to better capture an early safety signal, the power should be
as high as possible. By evaluating the operating characteristics, the
multidisciplinary team can decide which values of θT would be most
suitable. For example, if θT=0.9 is selected, the corresponding rate of
false signals and power are 0.45 and 0.81.

After the first stage blinded analysis, the potential adverse reactions
together with previously recognized adverse drug reactions (50 events)
are entered into the second stage unblinded analysis. In this process, the
control of the FDR is theoretically guaranteed when applying the spe-
cific multiple testing procedure illustrated in the previous section.
Fig. 3(A) shows that the empirical FDR of the whole procedure is well
controlled under different levels of the probability threshold boundary
θT in the first stage blinded analysis. These results support the claim
that the two-stage multiple testing procedure provides strong control of
FDR.

As shown in Fig. 3(C) and (D), when θT increases, the number of
identified true risk-elevated events m2 would not change much, as long
as θT is not extremely large. However, the proportion of true nulls π0
drops dramatically. Therefore, we consider the possibility that the
slightly increasing trend in FDR might be due to the decrease in π0. As
illustrated in Fig. 4, we run additional simulations to show that with a

Fig. 4. π0 vs. empirical FDR level. Empirical FDR level, solid line; Nominal FDR
level, dashed line.

Table 2
The power under various scenarios.

π0
(0)= 0.9 π0

(0)= 0.95

q=0.05 q=0.15 q=0.05 q=0.15

m(0) = 1,000 θT=0.5 74.0% (4.3%) 71.8% (4.2%) 56.6% (5.1%) 72.1% (1.8%)
θT=0.7 76.1% (7.3%) 73.7% (7.1%) 58.8% (9.5%) 72.9% (2.9%)
θT=0.9 77.9% (10.1%) 75.2% (9.6%) 62.5% (16.7%) 73.9% (4.4%)

m(0) = 3,000 θT=0.5 68.8% (3.9%) 69.3% (3.7%) 67.0% (2.9%) 70.3% (2.3%)
θT=0.7 70.9% (7.2%) 70.9% (5.9%) 68.6% (5.1%) 71.4% (3.9%)
θT=0.9 73.3% (11.1%) 72.0% (7.9%) 71.0% (8.9%) 72.6% (5.6%)

m(0) = 5,000 θT=0.5 74.6% (3.8%) 74.9% (3.4%) 71.4% (4.2%) 71.2% (3.2%)
θT=0.7 76.6% (6.5%) 76.6% (5.4%) 73.5% (7.2%) 772.% (5.2%)
θT=0.9 78.3% (9.1%) 77.4% (6.9%) 76.4% (11.4%) 74.2% (7.4%)

The numbers in this table are power (the mean proportion of alerts among all risk-elevated events) and percentage improvement in power compared to the single-
stage approach(in parentheses). π0(0), percentage of non-risk events; q, percentage of adverse reactions listed in the IB or protocol; m(0), number of simulated adverse
events; θT, probability threshold boundary for the first stage blinded analysis.

L.-A. Lin, et al. Contemporary Clinical Trials 83 (2019) 81–87

85



fixed number of true risk-elevated events, empirical FDR decreases as
π0 increases.

The proposed two-stage approach is compared with a single-stage
approach which directly applies the multiple testing procedure on un-
blinded data of all observed adverse events. This approach corresponds
to the particular two-stage approach with the probability threshold
boundary θT=0. Fig. 3(B) illustrates the positive relationship between
θT and empirical power. Simulation results show that the power in-
creases as θT increases. When θT=1, this approach excludes all po-
tential adverse reactions for unblinded analysis except the previously
recognized adverse reactions. In this case, the power may be decreased
for some scenarios. Both Fig. 2 and Fig. 3 could be useful for deciding
the most appropriate choice of θT. Simulation results with more sce-
narios are summarized in Table 2 and Fig. 5.

4. Discussion

In the process of characterizing the product safety profile and
identifying possible causal relationships between experimental treat-
ment and adverse events while studies are ongoing and blinded, we
propose a two-stage framework for safety monitoring and evaluation.
The two-stage approach allows us to explore early safety signals and
flag potential adverse reactions during the first stage blinded analysis.
The second stage unblinded analysis enables us to validate and report
adverse reactions, as appropriate. The proposed two-stage approach not
only bridges the ongoing blinded and unblinded analyses, it also pro-
vides a systematic approach for updating safety information. The si-
mulation studies show that the proposed framework provides strong
control of FDR among multiple safety endpoints and can increase the
power to detect safety signals, compared with a traditional single stage
approach.

The proposed two-stage framework is a structured approach where
potential adverse reactions are flagged from the complete set of adverse
events at the first stage blinded analysis and then assessed for asso-
ciation at the second stage unblinded analysis. Many adverse events
will be observed during the course of a clinical trial; most of them can
be anticipated due to the disease being treated or population being
studied. It has been argued that adjusting for multiplicity in safety
evaluations can lead to a level of “cheating” by adding many safety

parameters which are known to be unaffected by treatment but will
increase the number of dimensions [18]. With our structured approach,
the first stage blinded analysis is deployed to flag potential adverse
reactions and reduce the dimension for multiplicity adjustment.

To infer associations between the drug and adverse events using
blinded data, we need to ascertain the expected range of event rates
from data sources that are external to the current study. It is challen-
ging to use external data to determine suitable event rates in the trial. A
multidisciplinary team is needed to ensure the validity of the blinded
analyses. Regardless, treatment comparisons in blinded analyses can
only be considered as exploratory. A blinded analysis alone cannot be
used for IND safety reporting or updating safety information; an un-
blinded analysis would be needed.

At the second stage unblinded analysis, associations between the
drug and adverse events are quantified and appropriate thresholds are
determined for possible reporting of safety signals by taking advantage
of information in the multiple blinded and unblinded analyses. Without
multiplicity adjustment, there is potential for an excess of false positive
findings which could complicate the safety profile of an experimental
treatment [18]. However, the level of false discovery rate to be con-
trolled cannot be predefined in safety analysis; it has to be considered
under the specific trial setting to minimize the chance of missing rare
but potentially important safety endpoints [24]. The balance between
false discovery and false non-discovery error rates warrants further
investigations.

To analyze and characterize adverse events, a three tiered approach
has been recommended by the Safety Planning, Evaluation and
Reporting Team (SPERT) [16]. In this system: Tier 1 events are those
events with specific hypotheses being tested formally; Tier 2 events
include common events without formal hypotheses; and Tier 3 events
occur infrequently (must rely on medical judgment, statistical analysis
is not informative). The framework we describe here applies most di-
rectly to Tier 2 events, which could benefit from statistical analysis and
a systematic process. However, the principle of our proposed two-stage
framework, bridging blinded and unblinded analyses is also applicable
to Tier 1 and Tier 3 events.

Our proposed approach has some limitations that we view as future
research opportunities. For example, we ignore the grouping of adverse
events in this article. The grouping of adverse events may be defined by

Fig. 5. Power and rate of false discovery under various scenarios. Left panel shows the empirical FDR, the mean proportion of false discoveries among all the
discoveries. Right panel shows the corresponding power, the mean proportion of true discoveries among all risk-elevated events.Two-stage approach, solid line;
single-stage approach, dashed line.
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body systems, standardized MedDRA queries (SMQs) (that represent a
variety of safety topics of regulatory interest), or other characteristics
when appropriately based on the underlying mechanism of action for
the experimental treatment [18]. Adverse events are now routinely
coded with Medical Dictionary for Regulatory Activities (MedDRA)
terms in a hierarchical structure. Biological relationships, reflected in
this intrinsic medical coding structure, indicate that adverse events in
the same body systems are more likely to be similar [17]. How to in-
corporate the hierarchical structure of adverse events in the proposed
two-stage framework is an interesting topic for future research.

The US FDA 2015 IND safety reporting draft guidance acknowledges
that a two-step approach could be feasible for improving the overall
quality of safety reporting and for complying with requirements for
aggregate IND safety reports [3]. The proposed two-stage framework
for ongoing safety monitoring and evaluations is designed to comple-
ment and interface with other existing processes for review of safety
data in clinical development programs, such as DMCs. Potential safety
concerns identified by the safety monitoring team could be referred to a
DMC (or an SAC as proposed in the US FDA 2015 IND safety reporting
draft guidance) for an unblinded assessment. Existing communication
channels with the DMC could be used, in accordance with the DMC
charter. The proposed two-stage approach provides a quantitative fra-
mework to partner with clinical safety judgment and to have a
thoughtful process where there is a system in place to assess imbalances
in safety events between treatment groups while protecting the trial
integrity. Ultimately, it is the multidisciplinary team that must make
informed judgments about the “reasonable possibility” of causal re-
lationships.
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