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I. Introduction

The relative scarcity of the results of genetic association studies (GAS) prompted many research direc-
tions and hypotheses. To address the multiple testing problem computer intensive statistical methods
became widespread and as an ultimate solution genome-wide association studies (GWAS) had ap-
peared.

In the case of partial genome association study (PGAS) contrary to GWAS only partial information is
available about the genome of the participants. In PGAS, we attempt to discover from the subsequent
measurements of well-selected blocks of variables the relevant genetic factors for a given target set
with interim analyzis and meta-analyzis of the available aggregated data sets in order to interpret and
guide further measurements (see Fig. 1). The phases are shown in Fig. 1, starting with the GWAS layer
and the application of gene prioritization systems for the subjective, knowledge-rich initiation of our
pruning process.

One of the main bottlenecks in genetic association studies today are the required large sample size
and complex models (with larger computational resources). In the paper we jointly address both is-
sues within context of sequential PGAS: we apply a Bayesian, model-based meta-analysis in using an
adaptive study design for pruning the variables. This can ensure large sample size within a fixed bud-
get. We evaluate typical sequential pruning policies in association studies based on interim Bayesian
meta-analysis. The approximation of one-step look ahead of expected value of experiments was also
investigated with a full Bayesian approach. Our application domain is the investigation of genetic
background of asthma using PGASs.

II. Background

The objective of the sequential study design (SSD) is to retrieve statistical information from data col-
lected sequentially, given a utility and cost with a budget constraint for the data collection. A possible
application is to check the effectiveness of drug treatment or to find association between genetic fac-
tors and diseases, etc. In the field of sequential study design generally the standard hypotheses testing
approach is used [1]. The aim is to collect the minimum amount of data necessary to make a decision
between null and alternative hypotheses, since one wants to minimize the costs of measurements per-
formed in the study design. In every step of the sequential study design the tests of hypotheseses are
performed on a set of samples, if one of the hypotheseses is accepted the study design is stopped and
a decision is made. If a decision cannot be made due to lack of enough information the study design
continues and more data is collected [2, 3].

Instead of applying the standard statistical approach we present in this paper a multivariate extension
based on Bayesian networks. In every step of the study design we first approximate the utility of the
computed results based on the available data, second we predict the future data based on the available
data using Bayesian model averaging over Bayesian networks. With the help of future data we predict
the utility of the continuation of the study design. If the predicted utility of continuation is higher than
the utility based on the available data then the sequential study design is continued, otherwise stopped
and the last computed results are reported.

Besides selecting the sample size to minimize the cost, in this paper we present an active learning
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approach to reduce the number of variables in every step of the sequential study design [4]. Since the
algorithm in every step narrows down the set of the investigated variables, in the subsequent step just
the last (i.e. the narrowest) set is used for further analysis. In this way in every subsequent step less
and less measurements are performed.
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Figure 1: Left: The phases of sequential study design. Right: Expected value of experiment.

III. Methods

A. Calculation of expected value of experiment with multilevel analysis

In each step of a SSD researchers set an experiment. We can say researchers in the step k choose
experiment e1i from set of possible experiments (ek1, ek2, . . . , ekn). Each experiment has an out-
come okij with probability p(okij). The expected value of experiment (EVE) in step k is defined by
EV E(eki) = max(EV Estop(exp),

∑
i

∑
j p(okij)EV E(ek+1,j)). Where EV Estop is the utility of

stopping the experiment with the actual results. The expected value of an experiment in step k de-
pends on the expected value in step k+1. In this paper we want to maximize the EVE by selecting the
optimal set of variables for experiment (see Fig. 1).

We assume that there is a special set of target variables, and the goal is the identification of an opti-
mal set of relevant variables, and their interactions (for an overview of feature subset selection (FSS)
problem, see e.g. [5]). The goal of the analogous Bayesian FSS can be defined as the computation of
the posteriors for the pair wise relations, relevant sets, and interactions, which can be formalized as
the posteriors for Markov Blanket Membership (MBM), Markov Blanket set (MBS), Markov Blanket
subgraph (MBG) [6].

Respectively, we assume that utility function for the model can be additively decomposed into three
parts, specifically for the MBM, MBS, and MBG levels. Note that given the utility function and the
posterior over the model space in step i, the expected utility of reporting a structural model M̂ is
computable. The model with maximal utility can be determined as:

M∗ = argmax
M̂

Ep(M |D<i)[U(M̂ |M)].

where M is a model with probability p(M |D<i), and U(M̂ |M) is the utility of M̂ in case of M .
We evaluate typical policies in association studies based on interim Bayesian meta-analysis, and also

the performance of a one-step look ahead approximation of the expected value of the experiments in
the full Bayesian approach. Our application domain is the investigation of the genetic background
of asthma using PGAS, where the costs of sample collection and genotyping are considerable, and a
multivariate approach is essential due to complex, weak interactions behind multifactorial diseases.
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B. Bayesian sequential study design and variable pruning

Since beside the selection of the number of samples, in case of variable pruning we also narrow down
the number of the variables, we define the following: a prior p(M) for the generative models; variable
set Si, where Si contains only variables present in step i due to the reduction of variables; a corre-
sponding likelihood p(Di|M) for the ith step and data set D where Di represents the data set narrowed
down to variable set Si with the samples Ni collected in step i; a set of actions, continuing sequential
study design consisting of both the selection of Si+1, Ni+1 or reporting actions (stop experiment and
report the last computed model); a context-free, e.g. timeless, cost CSi

Ni
of measuring (observing) Di.

D<i represents the data set narrowed down to variable set Si with all the samples collected in steps < i
(N<i =

∑i−1
j=0 Nj).

In the optimal Bayesian approach, at step 1 < i one possibility is to stop and to report the optimal
maximal utility model M∗ with utility

U report
i = Ep(M |D<i)[U(M∗|M)]−

i−1∑
j=1

C
Sj

Nj
. (1)

The other option is to continue by selecting the next, optimal experiment defined by the selection of
Ni, with utility

U cont
i = U(Ni)−

i−1∑
j=1

C
Sj

Nj
, (2)

where U(Ni) denotes EVE. In case of a decision problem with finite horizon, backward induction
can be applied to calculate Eq. 2. The exponential number of the potential future subsequent data
makes however the estimation of these expectations computationally prohibitive (for evaluation of the
value-of-information, see [7, 8] ). The one-step approximation of U(Ni) is as follows

U(Ni) ≈ Ep(Di|D<i)[Ep(M |D≤i)[U(M∗|M)]], (3)

which means that after the first step, the optimal Bayesian decision, (reporting M∗ or continuing with
measuring Ni) can be determined by comparing U report

i to U cont
i (see [9]). Note that the framework of

Markov decision processes is not directly applicable to this context, because of the dynamic state space.

IV. Results

During the evaluation of the pruning algorithm (Section B.), results showed that the main bottleneck
was the underlying Bayesian FSS algorithm (Section A.). We found that the Markov chain Monte
Carlo (MCMC) based multilevel analysis (see [10]) does not converge to the real posterior distribution
in the planned settings. The applied MCMC uses multiple chains with different heat temperature [11].
Our aim was to validate the MCMC algorithm and find proper temperature parametrization for stable
simulation and fast convergence.

For testing convergence of the MCMC algorithm the multiple chain based Gelman-Rubin R score
(see [12]) was used. For multiple parametrization five independent parallel simulations were per-
formed.

The single chain Geweke’s Z score (see [13]) was used to test convergence of confidence of the
MCMC simulations. Z score was calculated for MBM and MBS features, our results show that over
5 × 106 step of burn-in, the calculated Geweke score of most of the features fall into the acceptable
region (for illustration, see Fig. 2).

Regarding the confidence scores we face the multiple testing problem (MTP): the confidence of
the simulation is estimated based on the confidence score of numerous (dependent or independent)
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features, thus we have to apply a correction, e.g. the Bonferroni correction. In the case of MBGs an
extreme case of MTP occurs, because the typical number of MBG features is extremely high.

Figure 2: The horizontal axis: the simulation steps after burn-in. Left: Geweke’s score of three features
with the same parametrization. Right: The posteriors of the same features (one is constant zero).

V. CONCLUSION

In the paper we investigated the decision support for sequential partial genetic association studies,
which are essential methods to ensure high sample size for more targeted statistical analysis after
GWAS-based explorations. During the convergence of confidence investigations we determined a de-
fault parametrization for temperature settings and burn-in length. The MCMC algorithm was improved,
the simulation is stable with the proper settings. Further research needed to find the utility function for
one-step look ahead and calculate non-myopic look ahead.
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