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Note from the Editors
Welcome to our first issue of Biopharmaceutical Report 
in 2013, the International Year of Statistics (IYS)! As 
always, there are lots of information and learning to be 
shared with you. 

First is a joint transition letter from the outgo-
ing Chair, Steve Gulyas, and incoming Chair, Amit  
Bhattacharyya, to highlight achievements of the past 
year and to set the stage for current year. 

There are two feature articles on tailored therapy. The 
first article by Ilya Lipkovich from Quintiles gives 
an overview of data-mining approaches for identifying 
subgroups using two methods, “Virtual Twins” which 
evaluates the heterogeneity of treatment effects and 
identifies subgroups, and “SIDES (Subgroup Identi-
fication based on Differential Effect Search)” which 
implements a novel recursive partitioning algorithm for 
identifying subgroups. The second article by Lei Shen 
from Eli Lilly focuses on identification of subgroups 
for clinical development of tailored therapies.

To learn more about IYS in this issue read the report 
on the kick-off of IYS at the International Indian Sta-
tistical Association conference, and the update from the 
ad hoc Biopharm committee on IYS. Also, there are 
updates and announcements on upcoming events and 
initiatives at the Chapter, Section, and national levels. 

Finally, we would like to express our profound grati-
tude to the outgoing editor, Debbie Panebianco, for her 
superb service to BIOP section. n
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Transition Letter from the Chairs

It is tradition for the first BIOP Report of the year to include an article written by the outgoing chair 
which sets the stage for the new year and incoming chair. Last year, Steve Wilson and I took a different 
approach by writing a joint letter, and Amit Bhattacharyya and I will follow suit this year.

It has been my honor and privilege to serve as your Chair for 2012, and I thank the section for the 
opportunity to do so. Thanks to your extremely engaged Executive Committee and supporting volun-
teers, we’ve accomplished an incredible amount of work. In case you’ve missed it, some of our high-
lights have included launching a smartphone voting pilot for our Best Contributed Paper competition, 
embarking on our first podcasting pilot, renewing our webinar program, overhauling our web presence 
and establishing a web archive for the EC, offering record programs for JSM and the ASA BIOP FDA-
Industry Workshop, proposing updates to our charter, supporting 4 fellow nominations, running our 
Student Paper and Best Poster competitions, publishing 3 BIOP Reports, creating a member interest 
packet, and completing our member survey (whose results I will discuss next). None of these activities 
would be possible without such a great corps of volunteers, and I thank all of you for such dedicated 
service to the section.

As my last official piece of business, I’d like to take the opportunity to respond to some feedback 
received from the member survey from last year. In our last issue, the Membership Committee shared 
the summary results of our member survey. However, some write-in comments were also received. I’ve 
pulled out the salient themes and will try to answer them here: 

Some comments were received on topics over which BIOP has no control. These include:

•	 Local chapter activity – Since we are a section and aligned by common area of application 
(pharmaceuticals), we have very little interaction with local chapters since our members are 
nationwide. Even with our geographic density on the east and west coasts, we still have members 
across the country and cannot coordinate with all chapters where our members reside.

•	 Planning of conference locations – With the exception of the ASA BIOP FDA-Industry Work-
shop, BIOP has no influence over JSM or other conference locations. These are set by the ASA. 
In particular for JSM, there has now been a select set of cities identified for future meetings, as 
the size of the conference has dictated use of conference centers with a minimum size.

•	 Electronic journal viewing and publication policy – This is also set by the ASA.

What benefits do BIOP members derive from sponsoring meetings?

•	 As BIOP is a non-profit entity, we seek to promote events relevant to the stated reason for exis-
tence from our charter: The application of statistics to the development and use of therapeutic 
drugs, biologics, and devices in humans and animals. BIOP considers sponsoring conferences 
where they align with these objectives. By sponsoring conferences, BIOP members benefit from 
the advancement of research and application of industry methods, other professional develop-
ment opportunities such as short courses or participating in conference planning, discounted reg-
istration fees, and marketing of the section (which, we hope, indirectly increases our membership 
and influence within ASA).

BIOP should consider sponsoring working groups and encourage collaboration between industry 
and academic statisticians.

•	 In the past, technical working groups were sponsored by PhRMA in their Biostatistics & Data 
Management Committee. About 4 years ago, a change in PhRMA’s remit related to Agency 
interactions forced them to drop sponsorship in this forum. To fill this vacuum, DIA (through its 
working groups) and the Society for Clinical Trials (through its QSPI board) have been created. 
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Many BIOP members are participating in these venues. That said, this has not been a coordi-
nated activity from the BIOP EC, but is something we can consider.

•	 In general, we do have some participation from academicians in the section, and have had rep-
resentation on the EC in the distant past. Collaboration with academia exists today mainly in 
the form of our Program Chairs seeking out academic speakers at conferences and our webinar 
co-chairs inviting academic speakers to lead webinars. Additionally, BIOP has been represented 
in the recent past by some former EC members participating in ASA’s SPAIG initiative. But this 
is an area where we can still improve as a section, particularly in terms of EC representation and 
formal liaising with the Biometrics section (which has tended to take more of an academic focus).

What is the process for nominating fellows from BIOP?

•	 Our Fellows committee is happy to accept names for consideration; please see Brian Wiens 
(bmwiens@aol .com) who currently serves as committee chair. From this point, the Fellows 
Committee handles the process in a closed fashion for obvious reasons. However, the commit-
tee does ask for volunteers in writing recommendation letters in support of Fellow candidacy.

Why aren’t the webinars/training courses free for members?

•	 The EC has considered offering webinars for free in the past, but has decided against doing so. 
As economic theory says, offering a product for free cheapens the value of it, and BIOP desires 
to keep its webinars of high quality. Practically speaking, we would expect more “no shows” 
which would waste section’s money since we pay for the number of call-in lines, reduce the 
opportunity for speaker interaction, and jeopardize our arrangement with ASA where they ben-
efit from re-broadcasts. That said, the BIOP EC believes that the webinars are being offered at 
nominal cost which avoids the above problems yet still makes the webinars broadly accessible 
to our members. Efforts are currently underway to make the presentations slides from the Bio-
pharm webinars available to all Biopharm members as a reference for future.

I would like to volunteer, but I am not sure how committee rotation works or how to get involved.

•	 Look no further! You can express your interest by approaching any of the EC members or send 
an email to volunteer .asabiopharm@gmail .com as shown on our section webpage. Our commit-
tees are always looking for new members, and the EC is welcome to hear about new ideas which 
may justify the creation of a new committee. Chairs select their own committee members and 
the only requirement is that you are a current BIOP member. There is no committee member 
rotation, but most EC appointments for Committee Chairs are in three year rotations and serve 
as the pleasure of the BIOP Chair. A full committee list can be shown at http://www .amstat .org/
sections/sbiop/comt .htm. 

Thanks again for your feedback in the 2012 Member Survey. Rest assured we are purring over all 
of the results to help make BIOP a better section!

And thanks again for the opportunity to serve as your Chair. I’d also like to offer my best wishes to 
Amit and look forward to advancing the section in the capacity of Past Chair. 

Best, 
Steve Gulyas 

Chair, Biopharmaceutical Section (2012)

http://www.amstat.org/sections/sbiop/comt.htm
http://www.amstat.org/sections/sbiop/comt.htm
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Now it is my turn to take Biopharm section forward with all the good wishes from Steve and the rest of 
the executive committee. I feel humble to take this journey of leading Biopharm section in 2013, and 
can only try my best to work with the many section officers and many committee/initiative leaders to 
enhance the section’s impact into the biopharmaceutical statistics arena. 

I want to thank Steve for his excellent leadership in 2012, and leading the section into many initia-
tives that continue to evolve further as we stepped into 2013. Also I would like to thank our section’s 
executive committee (EC) colleagues whose terms completed at the end of 2012—their commitment 
and enthusiasm helped advance the section tremendously over the years. We definitely welcome them 
to serve Biopharm section in other capacities in the future.

As we cruise through the early part of 2013, many of the section activities are running on full steam. 
Biopharm section’s signature annual conference, the ASA Biopharm FDA-Industry Workshop plan-
ning committee is actively underway, thanks to the co-chairs, Bruce Binkowitz and Lilly Yue, and the 
conference steering committee. The Biopharm Program Chair, Estelle Russek-Cohen, and her Program 
Committee are also busy finalizing the Biopharm sponsored sessions at the JSM this year, in Montreal. 
The webmasters, Ed Luo and Anna Nevius are busy populating the website with the new committee 
information and other relevant information for our members’ benefit. The webinar co-chairs, Shailaja 
Suryawanshi and Satrajit Roychoudhury have been busy lining up excellent speakers for the webinars 
in 2013. Venkat Sethuraman, in his new Publication/Communication officer role will be coordinating 
with the webinar chairs, biopharm report editors, podcasting initiative leaders, along with the publica-
tion effort, so as to ensure consistency in the content of all communication from Biopharm section. In 
today’s world of social networking and e-communication, I would like to see more transparent com-
munication so that members of Biopharm section are heard and engaged in all section activities. It is 
imperative to find ways to encourage members to voice their opinion and concerns to section’s officers 
so that we can aptly respond and fully serve members. 

As we all know, 2013 has been designated as the International Year of Statistics (IYS) and ASA 
together with several organizations in the world have signed up to celebrate this year with many 
activities. If you haven’t checked out the IYS website, please do so at http://www .statistics2013 .org. 
The Biopharm section has entrusted the IYS committee, led by the past-Chair, Steve Gulyas, to plan/
coordinate activities on behalf of the section. I encourage all committee members to send their ideas on 
activities for IYS to Steve. 

I am looking for opportunities to make stronger connection to other global statistical organizations, 
for instance, sharing resources and coordinating activities such as conferences that Biopharm section 
members can benefit from. Also, I am seeking ways to find synergy with other ASA sections whose 
statistical activities are relevant to our professions.

Biopharm section is successful through the many volunteers who dedicate their times above or 
beyond their jobs. I would like to thank each one of these volunteers and other committee members. I 
encourage new volunteers to come on board so that the section will benefit from new ideas and enthu-
siasm. This will create greater exposure to biopharmaceutical statistics and develop their professional 
and leadership skills. Those interested in volunteering into section activities, please send an email to  
volunteer .asabiopharm@gmail .com. If anyone has new ideas about leading any specific effort, please 
do share your thoughts by sending an email to me—we always look forward to ideas from the community. 

The 2013 ASA election of officers is here. I encourage you to please actively elect the next group of 
Biopharm section officers (Chair, Program Chair, Treasurer & The Council of Section Representative), 
and the ASA officers who will start their elected roles in January 2014. It is a great pride for Biopharm 
section to see two of our section members running for higher offices in ASA this year.

I look forward to working with the section officers and committee members in making 2013 a sig-
nificant year for the Biopharm section. Feel free to send me your ideas so as to continually improve our 
section, and make this journey more engaging and mutually satisfying.

With best regards,
Amit Bhattacharyya

Chair, Biopharmaceutical Section (2013)
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Overview of Data-Mining Methods for  
Subgroup Identification in Clinical Data

Ilya Lipkovich, Quintiles

Several approaches extending methodologies developed within machine learning and data mining com-
munities were proposed recently for selection of predictive biomarkers (such as phenotypic, genotypic, 
and other patient characteristics) from clinical trial data and for choosing biomarker cut-off points to 
identify subgroups of patients with enhanced treatment effect. These “data-mining” oriented methods 
are at the heart of modern approaches to tailored therapeutics (also known as personalized or “strati-
fied” medicine, see “Subgroup Identification for the Development of Tailored Therapies” article below) 
and can be contrasted with traditional methods of subgroup (or subset) analysis in clinical trials that rely 
on multiple comparison procedures applied to a small number of pre-specified subgroups. 

Here are some notable examples of data-mining approaches for biomarker/subgroup identification 
and analysis. Freidlin and colleagues1,2 introduced Adaptive Signature Designs that allow predictive 
biomarkers and associated cut-offs to be indentified and validated within the same trial. Negassa et al4 
and Su et al5 proposed interaction trees for identification of subgroups and predictive biomarkers that 
essentially extend classification and regression trees6 by incorporating treatment-by-split interaction as 
the splitting criterion. Another group of methods utilizes the framework of potential outcomes. In Cai 
et al7 hypothetical outcomes were modeled with the proportional hazards Cox regression incorporat-
ing patient-level covariates, and a spline-based procedure was developed to assess the heterogeneity 
in treatment differences at individual subject level. In 2011, Foster et al8 developed a method called 
Virtual Twins that models potential outcomes with Random forests. Some approaches specifically 
target predictive biomarkers associated with “qualitative” (as opposed to “quantitative”) treatment-by-
covariate interactions, which is closely related to the task of determining optimal treatment regimes. For 
example, Gunter and colleagues9 proposed a method for identifying such biomarkers using penalized 
regression. In many of these methods resampling techniques are used to control the false positive rates, 
to reduce selection bias, or to adjust for the bias in estimated treatment effects within subgroups. Bayes-
ian methods for subgroup analysis that can potentially handle a large number of candidate subgroups 
were developed as well. Within the Bayesian framework, adjustment for multiplicity and selection bias 
in subgroup analysis is done implicitly, either via employing shrinkage estimators11,12,13 or via assigning 
priors to each candidate subgroup (treated as “individual model”) and applying Bayesian model selec-
tion/averaging14,15.

Within machine learning paradigm to subgroup identification, two groups of methods (or approaches) 
emerged. One approach aims at fitting statistical models incorporating a large number of candidate 
covariates and treatment-by-covariate interactions using methods of penalized and ensemble regression. 
The result is often a complex “black box model” that is then used to evaluate the heterogeneity of treat-
ment effects and identify subgroups (for example, the Virtual Twins method8). The other approach is to 
directly search for treatment-by-covariate interactions and identify subsets of subjects with enhanced 
treatment benefits obviating the need of estimating the “main effects” of covariates (for example, the 
“Bump hunting” approach3 and the SIDES method introduced by Lipkovich and colleagues10). 

In the following section I describe in detail two recently published methodologies, the Virtual Twins8 
and the SIDES10 methods.
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The Virtual Twins Method
The method of Virtual Twins (VT) is a two-stage procedure. The first stage is estimating underlying 
regression function f(x,t) that predicts a binary outcome y with y=1 designating beneficial outcome for 
each observation indexed by a vector of covariates x, and treatment assignment group (t=1 for treated 
and t=0 for untreated), using a flexible non-parametric method. Although Foster and colleagues8 con-
sider only binary outcome, their methodology can be extended to other types of outcomes; note that 
for the case of binary outcome, f(x,t) is the conditional probability of y=1, given subjects’ covariates 
x and assigned treatment, t. To estimate f(), the authors proposed using the method of Random forest16 

(other methods of ensemble regression are possible). Random forest is an example of a “black box” 
method where the resulting statistical “model” cannot be expressed as a simple data generating mecha-
nism. Individual predictions from Random forest are essentially averages across multiple predictions 
obtained from multiple trees, grown by applying the CART method to multiple bootstrap samples from 
the original data. For each tree a prediction is formed by “running” each observation “down that tree” 
to find out in what terminal node (leaf) it ends up. The predicted value (the probability of outcome 
y=1, in our case) is computed simply as the proportion of cases within that terminal node with y=1. To 
increase the diversity of the trees (and reduce variability of prediction) additional source of random-
ness is incorporated: the CART algorithm is modified so that the best splitting covariate is selected at 
each decision node from a random sample of m out of p candidate covariates. The Random forest can 
be easily automated, as it is essentially controlled by only two tuning parameters, the number of trees 
(bootstrap samples) and the proportion m/p of variables sampled at each node, and reasonable default 
values are available for both. 

Getting back to the VT method, once the random forest has been fitted to the data, for each subject, 
two predictions are made: one by “running” the subject down all the trees in the forest with subjects’ 
x-covariates and treatment indicator as it was assigned in the trial, and the second run is done by taking 
the same values of the subject’s x-covariates, while the treatment group is flipped (so that a treated sub-
ject would be assigned to the control group and a subject in the control group to the treatment group). 
As a result, two predicted outcomes are obtained for each subject, assuming s/he were untreated and 
treated, f^(xi,0) and f^(xi,1). Therefore, a hypothetical treatment difference (zi) can be estimated for each 
subject using some appropriate function of these two estimates. For example, with binomial outcome, 
the difference zi = f^(xi,1) – f^(xi,0) if using the linear scale, or zi = logit(f^(xi,1)) – logit(f^(xi,0)), if using 
the logit scale. 

At the second stage of the VT method, the z’s from the first stage are used as the outcome vari-
able for a simple regression tree VT(R) or a classification tree VT(C), with the goal of identifying 
a subgroup S (a region in the covariate space) where z is expected to be larger than some clinically 
meaningful threshold , c. To prevent data overfitting, the size of the tree in CART is controlled using 
cost-complexity pruning with the complexity parameter selected via cross-validation6. For VT(R), 
regression tree is directly applied to z’s to obtain predictions and subjects with predicted z’s above 
cutoff, c, are selected in group Ŝ (the “hat” over S is indicating that this is an estimate of the “true 
subgroup”). For VT(C), a classification tree is fitted to binary outcome formed by dichotomizing z’s 
as zi̇ = I(zi > c). Then subgroup Ŝ is formed as the union of all the terminal nodes classified into z*=1 
(e.g. using the majority rule).

One of the key issues in any subgroup identification method is assessment of the enhanced treatment 
effect associated with the estimated region, Ŝ. To capture that, for any region S, a measure of benefits 
associated with S, Q(S), is defined as “excess” of the treatment effect in subgroup S versus treatment 
effect in the overall population: 
  Q(S) = {f(y=1 | t=1, xS) - f(y=1 | t=0,xS)} - {f(y =1 | t=1) - f(y=1 | t=0)} (1)

Note that in reality we do not know the true S and only have its estimate, Ŝ. Therefore, we are 
interested in estimating associated benefits, Q(Ŝ) . The challenge is that we cannot just use a natural 
“plug-in” estimate (by using estimated Ŝ and f^ in (1)) because they were estimated from the same data 
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and therefore re-substitution of subjects from Ŝ into f^ and computing Q ̂(Ŝ) using the above formula 
may result in substantial overoptimistic bias. Several methods for estimating Q(Ŝ) were proposed and 
evaluated using simulations, including the above re-substitution method and some more sophisticated 
methods based on cross-validation, parametric and non-parametric bootstrap. Details can be found in 
Foster et al8.

The SIDES method
The SIDES (Subgroup Identification based on Differential Effect Search) method10 implements a novel 
recursive partitioning algorithm for identifying subgroups of subjects with enhanced treatment effects. 
The idea is to build a collection of subgroups by partitioning a data set into two subgroups for each can-
didate (parent) group, such that the treatment effect within one of the two child subgroups is optimized 
compared to the other subgroup, based on some splitting criteria. Therefore, like in the VT method, 
selection of biomarkers and associated cut-off points is based on the data, rather than pre-specified. The 
process continues within the selected child subgroup until a predefined stopping condition has been 
met. The method is similar to “interaction tree” approach5 that allows incorporating treatment-by-split 
interaction in the splitting criterion. However, unlike other tree-based methods, SIDES searches for 
subgroups (i.e. specific regions of the covariate values) and generates multiple candidate subgroups of 
potential interest, rather than build a (single) statistical model in the entire covariate space. 

More specifically, the procedure starts with the entire data as the parent group (subgroup of level 
0) and proceed by splitting it into two child subgroups S(x  copt (x)) and S(x  copt (x)) formed by 
identified optimal cutoff copt (x) that minimizes a certain splitting criterion, 0  D(x,c)  1 for a given 
candidate covariate x from a pre-specified set of p covariates. The splitting criterion aims at separat-
ing subgroups with disparate treatment effects and is discussed in Lipkovich et al in detail. A typical 
example of D(x,c) is the p-value from the treatment-by-split interaction test on t*I(x < c) for a candidate 
cutoff point, c. 

The procedure retains only a pre-specified number k out of p candidate covariates with the largest 
values of the criterion, D(x,copt) . Of each of these k pairs of child subgroups, only one subgroup with 
the largest (positive) treatment effect is retained as a “promising child”, resulting in up to k such prom-
ising subgroups of level 1. Note that these subgroups are formed based on k different covariates and in 
general can have arbitrary overlapping patterns. Sample size constrains can be also imposed, requiring 
that at least nmin subjects be included within each treatment group in any of the selected promising sub-
groups. The same procedure is then applied recursively within each promising subgroup, resulting in 
up to k2 promising subgroups of level 2 and so on. As a result, the procedure would have a fairly large 
number of “terminal” promising subgroups that can be consider for further clinical evaluation.

SIDES methodology allows the user to specify different splitting criteria, possibly incorporating both 
efficacy and safety requirements for desired subgroups. Like it is with other machine-learning algo-
rithms, SIDES employs complexity parameters that control the scope of the model space (the collection 
of potential subgroups that could be identified given available biomarkers) and provides a method for 
selecting optimal values of complexity parameters via cross-validation. One such complexity parameter 
is used in continuation criterion that allows a parent group to be split only if the resulting optimal child 
has the treatment effect p-value at least as small as the treatment effect p-value in the parent group times 
γ	(a	tuning	parameter),	that	is	pvalue(child)	<	γ	 pvalue(parent).

Unlike typical data mining methods, SIDES allows the user to control the overall Type I error rate 
for the entire search process via a resampling-based method, which is a highly desirable feature for 
decision making in drug development industry.

Several extensions over the original SIDES algorithm have been considered, using the “basic SIDES” 
as a building block for more complex multi-stage biomarker selection strategies. One such strategy, 
SIDEScreen17 is utilizing variable importance indices. Specifically, at the first stage SIDEScreen 
applies	 “unconstrained	 SIDES”	 (i.e.	 SIDES	without	 γ-complexity	 control)	 resulting	 in	 a	 very	 large	



number of promising subgroups and computes variable importance indices VI(x) by averaging “contri-
butions” of each covariate over this large set of generated subgroups. The contribution for a covariate 
x into a subgroup S is either 0 if this covariate is not involved in the subgroup or –log(D(x,copt(x))) if 
it is. Note that the splitting criterion D(x,c) ranges from 0 to 1 with lower values indicating stronger 
“differential” or predictive value of a covariate, therefore the higher values of variable importance 
indicate higher “importance”. Variable importance indices help filtering out noise covariates since it is 
assumed that the while noise covariates may appear in some of the selected subgroups, none of them 
would dominate the entire collection of subgroups. Because of the sparsity of their participation in the 
identified subgroups, it is expected that noise covariates would appropriately receive smaller values 
of variable importance. To decide whether a covariate x should be selected, SIDEScreen compares 
VI(x) with some benchmark value computed from the null distribution of variable importance that is 
constructed by data resampling. Once important covariates have been selected at the first stage, SIDES 
algorithm is applied to the resulting subset of covariates for the selection of final subgroup(s), while 
controlling the overall type I error rate for the entire two-stage procedure. Another extension of SIDES 
uses resampling (sub-sampling or bootstrapping) of the data at the stage of variable screening. Variable 
importance index for covariate x is then computed by averaging its contributions into all identified sub-
groups across multiple samples, which may result in the improved ability to filter off noise covariates.

Concluding Remarks
There has been a shift in recent literature from publications containing guidelines and “checklists” 
for good practices when conducting and interpreting subgroup analyses to literature that aims at 
data-driven approaches for subgroup identification. The former literature emphasizes the dangers of 
overstating treatment effects in subgroups, especially in post-hoc analyses, and invariably advises the 
users of subgroup analyses to interpret the results “with caution”, which may be hard to operationalize 
(for example, Brookes et al18 proposed a checklist with 25 rules, Rothwell19 proposed a list of 21 rules, 
and in Sun et al20 seven existing and four additional criteria are listed for assessing the credibility of 
subgroup analysis). The latter literature advocates more aggressive, although principled subgroup iden-
tification strategies that form a computational foundation for the modern tailored (a.k.a. personalized, 
stratified, individualized) medicine.

This “principled subgroup analysis/identification” essentially frames subgroup analysis as a special 
case of “model selection” and borrows its principles from machine learning and data mining. As with 
any machine learning method, the focus is on specifying an analytic strategy whose operating charac-
teristics can be optimized by various tuning (complexity) parameters and calibrated using resampling 
methods, rather than on pre-specifying the final model. This article illustrates some of them using two 
recently proposed methods, Virtual Twins and SIDES. 

Here are some general observations that may be useful for those who develop and/or use data-driven 
methods of subgroup identification. 

•	 Strategies that analyze multiple covariates jointly should be preferred over one-covariate-at-a-time 
approaches.

•	 Non-parametric methods based on recursive partitioning appear flexible and efficient in that they 
allow generating subgroups within a very broad “model space” (the model space in recursive parti-
tioning is made of all possible configurations of selected covariates and associated cut-off points).

•	 Unlike standard recursive partitioning methods that aim at identifying subgroups with heteroge-
neous outcome values, using recursive partitioning methods for tailoring therapies requires splitting 
criteria that aim at subgroups with differential treatment effect.

•	 Multiplicity control of the entire subgroup identification procedure is critical and can be imple-
mented by using resamping methods.
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•	 Since	the	model	space	may	be	quite	large,	“uncontrolled	search”	is	likely	to	result	in	data	overfit-
ting,	generating	subgroups	that	look	very	promising	when	evaluated	with	the	same	data	set	that	was	
searched,	however	have	small	chance	to	be	confirmed	with	the	future	data.	Multiplicity	control	fol-
lowing	subgroup	selection	is	important	but	not	sufficient,	as	it	would	not	help	find	the	right	covariates	
“after	the	fact”.	As	with	any	data	mining/machine	learning	method,	the	complexity	control	should	
be	built	into	the	process	of	model	selection,	not	implemented	after,	when	possibly	wrong	subgroups	
(e.g.	involving	some	noise	covariates)	have	been	already	selected.

•	 To	put	some	“constraint	jacket”	on	subgroup	search	process	and	prevent	data	overfitting,	different	
methods	can	be	applied.	Some	examples	 from	methods	presented	 in	 this	article	are:	using	 tuning	
parameters	 in	SIDES,	pre-screening	covariates	using	variable	 importance	 indices	 in	SIDEScreen,	
and	methods	of	preventing	overfitting	built	into	Random	forest	and	CART	that	are	used	in	the	Virtual	
Twins	method.	Complexity	parameters	often	 require	some	 tuning	via	 resampling	methods	 (cross-
validation,	bootstrap).

•	 Once	 subgroups	 have	 been	 identified,	 the	 analyst	 is	 facing	 the	 challenge	 of	 obtaining	 “honest”	
estimates	for	associated	effect	sizes	 that	should	be	anticipated	in	 the	“future	data”.	Again,	resam-
pling	methods	may	be	the	only	way	to	proceed,	at	least	within	the	frequentist	framework.	Bayesian	
approaches	 for	estimating	effect	sizes	 in	 identified	subgroups	via	hierarchical	modeling	or	model	
averaging	may	provide	attractive	alternatives.	n
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Subgroup Identification for the  
Development of Tailored Therapies

Lei Shen, Eli Lilly

Tailored therapies promise tremendous values, and is welcomed by many regulators and payers. A 
tailored therapy is a medicine that demonstrates an enhanced benefit, a lessened risk for a patient 
sub-population that can be determined prior to administration of the medicine, often by measuring 
molecular compounds or biomarkers1. Tailored therapy helps a sponsor to better articulate the value of 
the innovative medicine, help regulators and payers to better evaluate the benefit/risk in order to make 
decisions on approval and reimbursement, help prescribers better select the best treatment for patients, 
and ultimately help patients achieve better outcomes. These are some of the major reasons why poten-
tial medicines in clinical development today are increasingly tailored.

Generally the aforementioned enhancement of benefit/risk of a tailored medicine needs to be 
reflected in the approved label. Such label language, in turn, requires substantial evidence from well-
designed clinical trials2, most commonly randomized trials with targeted patient sub-populations pro-
spectively defined and included in the primary or gated secondary objectives for which the overall type 
I error is well controlled.

In recent years, advances in the understanding of diseases and pathways have improved drug dis-
covery process, leading to, especially in oncology, better understanding of a compound’s mechanism 
of action as it enters clinical development, hence the increased opportunities for tailoring therapies. 
However, many biological hypotheses developed from cell line experiments, animal studies, and other 
pre-clinical efforts still fail to show a meaningful impact once they are tested in human trials. There-
fore, the opportunity to directly associate biomarkers and responses in patients remain critical to the 
development and tailoring of medicines. Tailoring efforts in drug development are thus often faced 
with the challenge – optimal patient sub-population needs to be defined early to enable prospectively 
designed clinical trials, yet data from clinical trials are often required to identify such a sub-population. 
Consequently, it is clear that analyses to identify meaningful subgroups need to be conducted as early 
as possible, and in a way that would enable major decisions on the next phase of development.

Often the first opportunity to perform a rigorous tailoring analysis comes in the first Phase II trial, 
and in this article, I will focus on this Phase. Just to be clear, post-marketing efforts to tailor medicines 
can be very important, but they fail to deliver much of the value promised by tailored therapies, since 
they can only improve the utility of a medicine already approved for a broad patient population. In addi-
tion, even if a clear tailoring hypothesis has not been identified to enable prospective confirmation by 
the time the compound is entering Phase III development, in many cases it can be valuable to perform 
rigorous analyses in Phase III to continue tailoring the medicine, as such work can have positive impact 
such as improvements of design and analysis of subsequent trials in Phase III or Phase IV. Despite our 
apparent focus on tailoring analyses in Phase II, almost all methods described here will apply to other 
situations where active tailoring starts later in drug development. The main difference is simply – the 
challenge with the timing of delivering a tailored medicine would become even greater.

As one considers an “ideal” approach to tailoring in Phase II, it is very helpful to “start with the end 
in mind”. Specifically, one should consider the type of decisions that will need to be made following an 
analysis. While the answers will invariably differ, some of the common decisions include:

1. If additional data become available, how should they be analyzed?

2. What additional data is needed, and what type of subsequent trials should be run, for example, 
should they be “enriched” trials?
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3. Should additional investment be made in support of tailoring, for example, to develop companion 
diagnostics?

It should be noted that “enrichment” can take on many forms, from inclusion criteria to hypothesis test-
ing schemes. Much information can be found in the draft guidance recently issued by the FDA on enrich-
ment strategies3.

Clearly, these types of decisions have major impact, both financial and medical on the development of 
a compound. Thus, it is highly desirable to have clear evidence to support these decisions. This however 
presents a challenge, in that the amount of data in a typical Phase II trial is insufficient to provide crystal 
clear evidence for an often novel tailoring hypothesis. I will present a two-part strategy to address this 
challenge:

•	 Each tailoring analysis (on a distinct and new dataset) should be optimized;

•	 The sequence of multiple tailoring analyses should be considered together as a “tailoring program” 
and preferably also optimized.

The remainder of this article will elaborate on these two aspects.

Optimized Tailoring Analysis
The objective of optimizing a tailoring analysis can be simply stated as to maximize the confidence in a 
potential finding. Taken a step further, an optimized analysis should be rigorous (to allow possible mean-
ingful interpretation of the results) and powerful (to maximize the opportunity to identify a good tailoring 
hypothesis).

Two key principles need to be followed to conduct a rigorous analysis. First, analysis should be pre-
specified before the data become available for analysis—ideally the analysis in its entirety, but certainly 
with as much details as feasible. This principle is well known, and especially highlighted in a number of 
excellent recent literatures to address the worrisome lack of reproducibility of published research. I shall 
presume this has been done, and I will not devote further time on the topic.

Second, analysis needs to account for multiplicity. It is almost always the case that multiple associations 
are being tested in a tailoring analysis, which can be due to not only analyzing multiple biomarkers, but 
also analyzing multiple doses and endpoints, as well as utilizing multiple models to study the same asso-
ciation. Resampling techniques such as permutation and bootstrap have emerged as effective and flexible 
approaches to handle multiplicity. The companion article “Overview of data-mining methods for subgroup 
identification in clinical data” by Ilya Lipkovich, provides a good discussion of a number of these tech-
niques, including how they are utilized in various subgroup identification methods.

Also discussed in the companion article are several choices that, when made properly, can lead to a 
more powerful analysis. Here I will highlight two of them. The ability to effectively evaluate joint effects 
of multiple biomarkers is important, especially as we develop treatments for complex diseases, for which a 
single biomarker is unlikely to explain a meaningful portion of the variability in treatment effect. The class 
of recursive partitioning methods is proving to be very useful in that regard. Secondly, the “search space”, 
consisting of all the associations being evaluated simultaneously, should be made as small as possible – 
ideally it should only include potential subgroups with size and other characteristics that can be translated 
into meaningful impact on medical practice and the drug development program. Of course, such charac-
teristics should be defined a priori. Intuitively, but also easily demonstrated using simulations, a reduction 
in the search space leads to an increase in power to detect an effect at a pre-defined level of confidence. 

For example, recognizing a binary subgroup definition (that is, whether any subject belongs to the sub-
group or not) is needed for trial design (inclusion/exclusion) and medical practice (treat vs. not treat); and 
it is one way to improve power is to directly analyze effects of subgroups on differential response. This is 
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in contrast to the approach traditionally followed in genetic analyses, where in the first step more gener-
ally termed “biomarker effects” are studied by employing multiple genetic models, and if any “significant” 
result is obtained, additional analysis is then performed on that particular marker to identify a desirable 
subgroup. Among the commonly employed genetic models, “dominant” and “recessive” models directly 
correspond to subgroups, whereas “additive” and “co-dominant” models do not. There are at least two 
areas in which power can be improved in this approach, both of which are achieved by directly analyzing 
subgroups. On the one hand, a significant additive effect can fail to yield a subgroup with meaningfully 
enhanced treatment effect. On the other hand, a strong subgroup may manifest itself in more than one 
genetic model. Both of these suggest the inefficiency of fitting multiple genetic models, a tactic routinely 
employed to avoid “missing” a biomarker effect, since proper multiplicity adjustment will need to be more 
drastic to account for fitting a larger number of models.

Optimized Tailoring Program
This refers to a sequence of tailoring analyses. For example, a typical tailoring program may look like this:

1. A tailoring analysis using data from a Phase IIa trial;
2. A tailoring analysis using data from a Phase IIb trial for the same compound;
3. An opportunity to prospectively tailor the compound in a Phase III trial.
It is important to consider these analyses together and optimize the entire “program”, simply because 

the choices made in each analysis depend not only on what is already known (i.e. data available) but also 
on what future analyses will be performed (i.e. subsequent data). For example, while it is very important to 
apply an analysis method that can control the overall type I error rate at a given level, one has to determine 
the exact level, preferably optimized for the specific application. Keeping in mind the inherent trade-off 
between false positives and false negatives when using various levels of type I error control, it can be seen 
that in the above “program” the ideal level in Analysis #1 would likely be higher than that in Analysis 
#2. In other words, when there is an additional opportunity to confirm findings, eg. in Analysis #1, one is 
willing to apply less stringent control in order to increase power; whereas when the exact subgroup or lack 
thereof, needs to be declared immediately after the analysis is performed such as in Analysis #2, a tighter 
control is required to increase confidence in the findings.

Beyond the level of type I error rate control, there are many other important aspects that can be tuned 
and optimized for each analysis, such as:
•	 How much, and in what way, prior information from earlier analyses, from literature, and from 

similar compounds, if available, should be utilized in the analysis? For example, should the analysis 
be restricted to a subset of markers with the strongest plausibility? Here, the trade-off lies between 
increased power to confidently detect effects of these “top-tier” biomarkers and potentially missing 
effects in the others.

•	 How much complexity should be considered when trying to identify a meaningful subgroup? When 
a recursive partitioning method is used, this typically indicates the maximum level of partition one 
would allow.

A very useful perspective here is to look at the “program” as a continuous learning process, instead of 
the classic framework of a “hypothesis generation” step followed by a “hypothesis confirmation” step. 
In reality, at least as is typical in drug development today, there is less of a dichotomy (“generation” 
vs. “confirmation”) but more of a continuous spectrum. Part of the reason is that the sample size in the 
“hypothesis generation” analysis, especially when contrasted with the number of biomarkers being evalu-
ated, is typically not sufficient to allow progression to a “hypothesis confirmation” step as is traditionally 
defined. In the new perspective, at any given step all available data should be synthesized to quantify the 
level of confidence in a finding. This should begin even before the initial tailoring analysis, in the form of  
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biological plausibility known at that point, then whenever new data become available, and is analyzed 
using an optimized approach, it is incorporated to inform the appropriate next step. Thanks to active 
research in the fields of multiplicity and trial design, a range of options are now available to incorporate 
the appropriate level of “prospectiveness” in the next trial when an interesting finding is obtained. These 
options include targeted trials (where only a sub-population is enrolled), multi-population trials4 (where 
the primary objective include multiple populations), and trials with biomarker adaptive designs (where the 
same trial is used to determine and confirm certain aspect of the sub-population, such as the best cutoff 
point for a continuous biomarker). This perspective of “continuous learning” is natural to someone who 
is applying a Bayesian approach to the entire problem, but it is equally relevant even if only frequentist 
methods are used.

Putting It All Together
Now the question remains, how can we perform the optimization described above? This is naturally done 
using simulations, at both the analysis and the program levels. Having analysis and trial design options 
available is a good start, but it is also vitally important in practice that they are implemented in efficient 
and flexible software tools, preferably with easy-to-use user interfaces. Some of the tools described in the 
companion article (“Overview of data-mining methods for subgroup identification in clinical data” by Ilya 
Lipkovich), and a number of commercially available trial simulation software meet this need5.

Coming back to the example “program” given above, and putting together the recommendations pre-
sented in this article, we would be following these steps:

1. Tools: Ensure availability of software tools for subgroup identification and trial simulation

2. Tailoring program: Define the sequence of trials in the current plan and the opportunities to tailor 
the compound as afforded by each trial

3. Preparing Analysis #1: Define the relevant “search space” and desired outcome from Analysis #1 
based on the specific tailoring program, and collect known biological information on each biomarker

4. Optimize Analysis #1: Based on information from the previous step, use simulations to select the 
best analysis method and optimize how the analysis is to be performed, including the level of type 
I error control. Also create analysis plan accordingly to pre-specify the analysis before data is avail-
able

5. Perform Analysis #1: If an interesting finding is obtained, synthesize all available information 
(including biological plausibility and results from analysis) and quantify the level of confidence in 
the finding

6. Optimize Analysis #2: similar to Step 4 above

7. Based on all the available information on the subgroup, utilize trial simulation tools to determine 
the best design for the phase III trial.

Conclusions
In this article, I have attempted to describe the importance of optimizing tailoring analyses and programs, 
and made some recommendations on how it should be done. This effort will benefit from continued 
research in a number of areas, including data mining (including related areas such as predictive modeling 
and dimension reduction), biomarker-based trial designs, and both Bayesian and frequentist approaches 
to synthesize information from literature, and multiple analyses to quantify confidence in a finding. These 
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technical advances, when utilized in a disciplined and optimized tailoring program, will provide better 
means to meet the challenge of identifying the optimal patient sub-population for a compound in devel-
opment, and unlock the many promises of tailored therapies. n
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Summary Minutes from ASA Biopharmaceutical 
Section Executive Committee Meeting 

Dionne Price

Meeting was held on 12 October 2012 at ASA Headquarters in Alexandria, VA

Amit Bhattacharyya informed the Executive Committee (EC) of the following appointments:

Treasurer (Ad hoc – 1 yr) ................................................. Heather Thomas
Associate Editor, Biopharm Report .................................. Ugochi Emeribe
Ad hoc EC Members ........................................................ Kalyan Ghosh, Ram Suresh
Co-Chairs, BIOP Section FDA-Industry Workshop ......... Bruce Binkowitz, Lilly Yue
Fellowship Committee ...................................................... John Peterson, Devan Mehrotra
Contributed Poster Award Committee .............................. Ted Lysig
Co Chairs, Distance Learning ........................................... Shailaja Suryawanshi, Satrajit Roychoudhury
International Year of Statistics .......................................... Stephen Wilson, Stephen Gulyas,    
                                                                                    Pabak Mukhopadhyay

Additionally, the Program Committee has been formed in an effort to coordinate the activities and roles/
responsibilities associated with Program Chair during ENAR and JSM. Members of the committee for 
2013 include Estelle Russek-Cohen, Ivan Chan, and Yanping Wang.

Matilde Sanchez reported that the balance as of September 30, 2012 was $349,751.39. The balance 
did not include revenue/expenses from the 2012 BIOP Section FDA-Industry Workshop. Revenue was 
generated from membership dues and webinar registrations. Expenses included the web clip project, 
awards, honorarium, and contributions to other organizations. 

John Johnson and Scott Turner reported on the Smartphone Pilot. The goal of the pilot was to allevi-
ate difficulties in logistical aspects of paper balloting process and to improve response rate of persons 
voting. Effectiveness of the methodology was difficult to interpret given the low overall participation 
and various technical difficulties. Ideas were generated to increase participation. 

Alan Hartford and Jingyee Kou announced that the 2012 ASA Biopharmaceutical Section FDA-
Industry Statistics Workshop was attended by 821 registrants. The workshop was a success, and the EC 
thanked Alan and Jingyee for their dedication and hard work. 

Bruce Binkowitz and Lilly Yue shared that the 2013 ASA Biopharmaceutical Section FDA-Industry 
Statistics	Workshop	will	take	place	from	September	16−18	at	the	Marriott	Wardman	Park.	Bruce	and	
Lilly plan to add a mixer to the workshop and to establish a relationship with the Journal of Biophar-
maceutical Statistics.

Ron Wasserstein, Executive Director of the ASA, notified the EC of Marie Davidian’s Presidential 
Initiative to rethink some aspects of JSM. A group has been formed to develop strategies to address 
current logistical constraints associated with JSM. Ron also stressed the importance of sections and 
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the utilization of sections to reach the diverse professionals that compose the ASA. He also emphasized 
the importance of increased visibility of the profession. Ron reminded the EC of the International Year of 
Statistics. Lastly, Ron announced that Lynn Palmer will be the Director of Programs as of January 7, 2013. 

David Breiter, Stephine Keeton, and Christie Clark reported that amendments to the BIOP charter 
have been finalized and submitted to ASA and will be voted on by the Council of Sections Governing 
Board and the overall BIOP membership in the Spring. In addition, the Mental Health Interest Group will 
become a section, effective January 1, 2013.

Shailaja Suryawanshi, Satrajit Roychoudhury, and Venkat Sethuraman reported that seven webinars 
are planned for 2013. 

Olga Marchenko announced the completion of a slide deck that will be used as a resource for informing 
statisticians about the BIOP Section. Olga also presented results of the membership survey. Results of 
the survey are posted on the website. 

Steve Wilson, Steve Gulyas, and Kjell Johnson reported on the establishment of the Conference Fund-
ing Committee. The purposes of the committee are to review funding requests and present recommen-
dations to the EC, to recommend conditions for funding, to follow-up on previous requests, to ensure 
the required conference reports are filed, and to provide a post-conference report on the worthiness of  
the investment. n 

International Year of Statistics  
Biopharm Committee Report 

Steve Gulyas, Past Chair

Amit has created an ad hoc Biopharmaceutical Section (BIOP) committee to focus on the International 
Year of Statistics (IYS) activities. I am pleased to serve in this capacity and am supported by committee 
members Steve Wilson (Past Past Chair), Pabak Mukhopadhyay, Janelle Charles, and Amit Bhattacha-
ryya (Chair, ex-officio).

The IYS Committee has been meeting monthly since late fall 2012 to review the monthly IYS pub-
lications from ASA, brainstorm on ideas to bring an international focus for BIOP, and coordinate such 
ideas which are of interest amongst other BIOP Committees. Here is a brief summary of IYS activities 
for BIOP to date:

•	 The Distance Learning Committee has engaged two international speakers for upcoming webi-
nars: Dimitris Rizopoulos on “An Introduction to Joint Models for Longitudinal and Time-to-
Event Data” (12-June-2013) and Stephen Senn (topic and date TBA). These two webinars and 
possibly others will occur at different time zones to accommodate more international participation. 
Re-broadcast of webinars in another language native to the speaker is also being considered.

•	 The www .biostatpharma .com Committee has been engaged to add more international information 
regarding statistics programs, employers, and impact of global health issues on its site. Develop-
ment of these topics is ongoing. Also, this website will be linked to www .statistics2013 .org in light 
of the career options and material for K-16 students which are included.
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•	 A focus article on the Impact of Biopharmaceutical Statistics in Global Health Issues is being con-
sidered by our committee, and we expect an article to be published in the Biopharmaceutical Report 
and picked up by ASA Public Relations by mid-summer.

We welcome any and all suggestions about how BIOP can be a leader amongst ASA in supporting IYS 
activities. Please bring them forward to any one of the IYS Committee members and we will be happy to 
discuss and work with you to bring this to fruition! n

IYS Kick-off at the International Indian Statistical 
Association Conference

The International Indian Statistical 
Association (IISA) kicked off the 
International Year of Statistics (IYS) 
by holding a conference titled “Sta-
tistics, Science and Society” in Chen-
nai, India from January 1-5, 2013. 
Over 280 scientists and students from 
around the world attended the con-
ference, with more than 60 students 
from India. The conference included 
four plenary sessions, 66 parallel ses-
sions, four workshops, and one panel 
discussion. 

The four plenary sessions were pre-
sented by internationally renowned 
statisticians. Nilanjan Chatterjee of 
National Cancer Institute in USA 
presented an outstanding survey of 
the potential of modern genome-wide 
association studies combined with 
high dimensional statistical models, 
to identify risk factors for diseases 

like Type 2 diabetes, coronary artery disease or prostate cancer. N Balakrishnan from McMaster Univer-
sity in Canada gave a talk on “signature” as an inherent underlying property of a reliability system and 
its impact on the prediction of probability of system failure. Stephen Senn from Competence Center for 
Methodology and Statistics in Luxembourg gave a scholarly account of the four great systems of statisti-
cal inference which in a two-by-two table could be depicted as Purpose (decision or inference) and as 
Probability Argument (direct or inverse). Rajiv Karandikar from Chennai Mathematical Institute in India 
provided a description of the complications in predicting election results (number of seats versus number 
of actual votes casted) in India.

The parallel sessions (both invited and contributed) had a number of participants from India. It was a 
pleasure to see several Indian students present on various topics in theoretical and applied statistics areas. 

The conference workshops were well attended with more than 70 participants in each workshop. The 
topics covered were: “Design and Analysis of Clinical Trials – Theory and Applications” by Cyrus Mehta 
and Devan V Mehrotra; “Introduction to R” by Chaitra H Nagaraja; “Shape Restricted Regression Models” 

Cyrus Mehta, Nandini Kannan, and students from India at IISA conference
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by Sujit K Ghosh; and “Statistical Issues In Personalised Medicine” by Stephen Senn. The students from 
India were particularly enthusiastic about the opportunity to attend these workshops.

The highlight of the conference was the Awards Ceremony during which a special panel discussion on 
the IYS was held by Past President of IISA, Nandini Kannan, a past president of ASA, Sastry Pantula, and 
ASA secretary, Ronald L Wasserstein. The discussion was on the challenge of attracting young investiga-
tors and students to professional statistics in India. During the session several students expressed apprecia-
tion for the opportunity to participate in the conference, to learn about the application of statistics in the 
real world, and requested that IISA organize annual workshops instead of the current practice of triennial 
workshops.

The IISA thanks ASA Biopharm for funding and supporting the participation of students from Indian 
at the conference. I am happy to report that we were able to support over 60 students from all over India. 
Indeed, this was money well spent. Most of the students had not been privileged to participate in an inter-
national statistics conference, nor met such a mix of academic, government, and industry statisticians that 
were present at the conference. This gave them an opportunity to see the possibilities of a career in statis-
tics, especially biostatistics. n

2013 ASA Biopharmaceutical Section  
FDA-Industry Statistics Workshop

The ASA Biopharmaceutical Section FDA-Industry Statistics Workshop is sponsored by the ASA Biophar-
maceutical Section in cooperation with the FDA Statistical Association. Each year the conference lasts two 
days with sessions co-chaired by statisticians from industry, academia, and FDA. Roundtable luncheon 
discussions are available on the first day of sessions. In addition, short courses on related topics are offered 
the day prior to the workshop. The 2013 edition of the ASA Biopharmaceutical Section FDA-Industry 
Statistics Workshop will be held on September 16-18, 2013 at the Marriott Wardman Park, Washington 
D.C. While the basic format of the workshop remains the same as in the past, there will be some new 
twists including two keynote addresses in the opening plenary session, to be given by Prof. Donald Rubin 
of Harvard University and Dr. Ronald Wasserstein, Executive Director of ASA, and a mixer after the first 
day sessions. Registration will open on June 4th, 2013. Make sure to register early, as the workshop 
was filled to capacity last year! n
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2013 Nonclinical Biostatistics Conference 
October 15 – 17, 2013, Villanova, Pa 

 
Nonclinical	  Statistics	  -‐	  improving	  pharmaceutical	  discovery,	  development	  and	  manufacturing	  

	  
The third U.S. conference dedicated entirely to nonclinical biostatistics topics will take place 
October 15 - 17, 2013, at the Connelly Center on the campus of Villanova University. Members 
of the nonclinical/preclinical Statistics community are invited to submit proposals for 
presentations and posters discussing significant scientific and regulatory issues. Attendees will 
have ample opportunity to network, share experiences and discuss current scientific issues 
with colleagues and leaders in the field. 
 
The conference website: www.ncb2013.org is open for abstract/poster submissions and 
registration.   
 
PROGRAM 
 
Keynote Speaker:   Douglas Throckmorton MD, Deputy Director, CDER, FDA 
Featured Speaker:  Marie Davidian PhD (ASA President), North Carolina State University 
 
• Choice of half-day short course:   

o Mixture Designs (Ron Snee) 
o Bayesian Applications (Bruno Boulanger) 

 

• 21 Invited or contributed presentations covering: 
o Discovery/Biomarkers/Diagnostics 
o Safety/Pharmacology/ pK 
o CM&C/Manufacturing 

 

• Tuesday evening ASA Presidential Address and Reception  
• Wednesday evening Wine and Cheese Mixer, Poster Presentations   
 

•    Roundtable discussions 
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Calling All Volunteers!
Do you want to get involved in Biopharm Section activities, but not sure how?  The Section is always looking 
for volunteers, so drop us an e-mail at volunteer .asabiopharm@gmail .com.

Let’s Hear from You!
If you have any comments or contributions, please contact the Editors: Jose Alvir, email Jose .Alvir@pfizer .
com; Yongming Qu, email qu_yongming@lilly .com; or Ugochi Emeribe, email ugochi .emeribe@astrazeneca .
com.  We are looking for volunteers to write articles or suggest topics that will be of interest to our members.  
The topics can be technical, but non-technical articles related to biopharmaceuticals are welcome. Please send 
us an email.  

The Biopharmaceutical Report is a publication of the Biopharmaceutical Section of the American Statistical 
Association.
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