Statistical Analysis of Common Insertion
Sites in Retroviral Insertional
Mutagenesis Screens
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Abstract
In this paper, we propose methodologies to analyze data derived from retroviral insertional mutagenesis screens. The data has been
generated by analyzing virally induced tumors in mice. The goal is to find the Common Insertion Sites (CISs), i.e. regions in the genome that
have a significantly increased viral insertion rate across multiple tumors. Ideally, significance estimates of CISs should be established taking
into account both the noise, arising from the random nature of the insertion process, as well as the bias, stemming from preferential insertion
sites present in the genome and the data retrieval methodology.
We propose a novel method that finds CISs in a noisy and biased environment using a predefined significance level. We show that the
proposed Gaussian Kernel Convolution method is flexible enough to incorporate corrections for the effects of noise and bias while maintaining
the predefined significance level.
Since the locus of a CIS is frequently in the vicinity of, or within a cancer gene, detecting CISs allows for the discovery of candidate cancer
genes. For this purpose a specialized MATLAB GUI visualizing the data is developed.
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Viral inserts may target cancer genes causing
tumors to develop. In the tumor tissue one will
encounter the insert that induced the
proliferation far more often than inserts from
non-tumor cells. Regions in the genome that are
found to carry insertions in multiple
independent tumors are called Common
Insertion Sites (CISs). As a result, the locations
of these CISs are highly correlated with the
location of genes involved in tumor
development.
Figure 1 shows a schematic view of the
mapped data of four tumors. Note that the
insertions in different tumors (but in the
same CIS) do not need to have the exact same
location since regulation of a certain cancer
gene can be established over various distances.
This motivates why the definition of a CIS

Figure 4 shows the thresholded data. The
threshold can be determined by considering the
alpha-level in the empirical CDF of the nulldistribution. This threshold can then be used to
threshold the smoothed insertion estimate of the
real insertion data resulting in a series of
significant peaks. The Common Insertions Sites
are now determined.
The definition of a CIS should be independent of
its width. Therefore, it is important to consider
the results of the GKC for different scale
parameters (kernel widths). This gives rise to a
Scale Space representation of the CISs that
shows the life-span of a CIS across a range of
scales. Figure 5 gives the scale space diagram
of the insertions around Myc. Vertically the
scales are plotted, horizontally the position in the
genome.
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In this paper we introduce a Gaussian Kernel
Convolution (GKC) method to estimate a density
of the data.
Figure 2 shows a kernel convolution applied to
two artificial insertions (red dots). When the
kernel width increases (from left to right) the
peaks join together. The bottom figure shows
the GKC applied to real data. Finding CISs is
accomplished by evaluating the significance of
the heights of the peaks.
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Figure 3 shows a schematic depiction of the
significance analysis of the insertion data. To
acquire the null-distribution the position of the N
insertions are permuted. The GKC is applied to
the resulting permuted insertion profile and the
heights of all peaks are recorded. When this
process is repeated often, a distribution of the
peaks in random data results, hence the nullFigure 3 distribution is acquired.

Figure 5

Software
To facilitate interactive zooming and on-the-fly
adaption of the scale parameter a graphical user
interface is developed. The interface displays
density plots for a selected scale parameter,
Common Insertion Sites and the scale space
diagram. Additionally the genes are depicted,
including direct links to Ensembl to provide the
biologist with an easy way of browsing the
insertion data and selecting candidate cancer
genes. Figure 6 shows a screen shot of the user
interface.

Figure 6

Conclusions
In this study we devised a method to select
statistically significant Common Insertion Sites in
the data stemming from Retroviral Insertional
Mutagenesis Screens. The scale space approach,
proposed in this study, proves to enable the
detection of narrow as well as broad CISs.
Together with the density plots the scale space
diagrams provide a valuable visualization tool for
the biologist.
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