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Chapter 7

Summary and Conclusion

We stand at the brink of a revolution in personalized medicine, triggered by the

ability to sequence the human genome and develop targeted treatments based on

an individual’s genetic makeup. Genomic data analysis is now being used in the

diagnosis of several diseases, based on the knowledge of individual genetic sus-

ceptibilities. However, realising the true potential of genomics in personalized

medicine requires statistical tools and techniques for fast and accurate analysis of

extremely large genomic datasets.

This thesis presents novel statistical techniques, developed for analysing high

dimensional genomic datasets.

Chapter 1 gives a basic introduction to genomics and the generation of mi-

croarray experimental datasets.

In chapter 2, we present a classifier based upon copy number data using fused

lasso variable selection technique. Fused lasso penalization is well suited for a

copy number based classifier as it takes the genomic correlation structure of copy

number data into account. It encourages sparse, non-zero coefficients which can

help in identifying chromosomal regions involved in copy number variations, thus

making the results more biologically interpretable. The algorithm combines the

simplicity of gradient ascent to get close to the optimum and then fast conver-

gence of the Newton Raphson algorithm to reach the optimum, a technique first

used by Goeman [16] to fit the regular lasso penalty. Through several simula-

tion studies and application to two publicly available datasets, we show that the

classifier can not only help in highlighting the chromosomal regions with a high

positive or negative association with the outcome but can also be used efficiently

for classification of binomial and survival responses.

In chapter 3, we present a genomic data integration method, named dSIM,

to find differences in the association between copy number and gene expression,

when comparing two groups of samples. The method extends the idea proposed

by Menezes et al. [17] for jointly analysing two genomic datasets. There are

98



99

three main features of this method. First, it compares association patterns be-

tween two groups of samples while jointly analysing multiple high-dimensional

datasets. Second, it models associations between features in one data set and sets

of covariates in the other, thus facilitating the search for markers that are related

to a set of features. Third, it uses all data at the same time in the model, thus

being less susceptible to small sample sizes, compared with separate analysis per

group. Using several simulated datasets, we illustrate that dSIM can indeed de-

tect differential associations even in small genomic regions with high accuracy.

We also apply dSIM to two publicly available breast cancer datasets and identify

chromosome arms where copy number induced gene expression regulation differs

between positive and negative estrogen receptor samples.

In chapter 4, we describe an integrated analysis approach, named G2, for test-

ing multivariate associations between two sets of variables. This method is a

generalisation of the global test [47; 48] for incorporating multivariate responses

in the regression model. Considering a multivariate response reduces a large num-

ber of tests to only a single test per combination of variable sets. This makes it

possible to reduce the computational time as well as the need for multiple testing

correction. Moreover, it also makes the test symmetric and more robust against

the choice of dependent dataset. These features make G2 an efficient first step

exploratory analysis before the time consuming genewise testing. Our simulation

and experimental results show that G2 can detect associations between two high

dimensional datasets with high accuracy. In particular, compared to the univari-

ate global test, G2 is shown to be highly sensitive towards detecting weak, yet

important, associations even with small sample sizes.

Finally, chapter 5 proposes a test, dNET, for detecting differential indirect

trans effects within a biological pathway between groups of samples. Similar

to the idea suggested by van Wieringen and van de Wiel [20], the method uses

rate equations for estimating indirect trans effects and then a multivariate test

for detecting differences between two groups of samples. The method combines

the features from dSIM and G2 by using all samples in a single model, instead

of performing group-specific analysis, and performing the test on a multivariate

response, instead of testing for individual effects per variable. These features give

the method several distinct advantages. First, by using all the samples together in

the same model, the test becomes less susceptible to problems arising due to small

samples sizes, such as low power or artificial signals due to different group sample

sizes. Second, using variable sets allows detection of weak differential effects by

combining information across a related set of genes. Third, reducing the number

of tests to be performed minimizes the multiple testing burden and also makes

the method computationally less intensive. Through several simulation studies

and analysis of TCGA cancer datasets, we show that dNET can detect differential

indirect trans effects with high accuracy.


