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Transforming data

The presentation and visualisation of ‘omics data can provide many challenges. The first is
that we usually have a lot of variables, we look at thousands of genes, thousands of
proteins, tens of thousands of peptides at once. A convenient way to view the expression
values of multiple variables is simply to plot them all on a single 2D plot, usually with each
variable on the x-axis and the expression value on the y-axis (this will be referred to as a
‘'sample vector’ in this poster i.e. a simple list of all of the expression values for all
measured variables for a given sample). Simply doing this shows the second issue, the
dynamic range of measurements across the variables can be huge. Estimates have the
range of protein expressions at 13 log units Iin un-depleted plasma. It Is easy to
demonstrate these issues with simple plots as shown in figure 1.

Figure 1 13 data points simply showing 1 point at each log unit (blue).The other two lines show a two fold increase (red)
and two fold decrease (green) for each point.
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Figure 1a The data on a linear scale. Figure 1b The data log transformed. Figure 1c W{ U I Y R logitRrisfredd Q
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compare the relative differences.

We can use the guantitative ratio data from ABRF PRG 2006 to provide a more real world
example. In overview, the study provided a mix of 8 proteins that vary between two
samples. Volunteer labs attempted to accurately quantitate the relative change In
expression between the samples. The specified ratios between the proteins were created

In the ranges 1:1 to 1:76 and were quantitated by a large array of different technigues
(Densitometry, DIGE, lon current, Isotope MS, Spectral counting).

Figure 2 Boxplots of the ABRF PRG 2006 data. Labs with ‘missing values’ are omitted (leaving 19 complete data sets)
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Figure 2a Population data from the study shown on a linear
scale.

Figure 2b Standardised log transformed population data.

We have seen how transforming the data presents a more informative view across large
dynamic ranges but we have not really considered the issues caused by having thousands
of variables. The box plot of the PRG data in figure 2 is quite complex to view with only 8
variables and becomes less useful as the number of variables increases. In addition to this
the view shows distributions of expression individually for each variable which results in a
loss of visibility of any correlated behaviour. The ‘omics data we produce is likely to contain
a high degree of correlation. We can use this to reduce the complexity of the data
visualisation and it can also assist us in finding relationships within the data that may
simply be missed by exploring each measure independently.

Decomposing data

We can achieve a more meaningful transformation of the data by taking advantage of
decomposition. In its simplest terms we can express this by saying we can decompose the
value 5 into 2 + 3. Initially this does not seem very useful but as we have seen in the
previous section simply subtracting the mean and rescaling can have profound effects on
our view of the data.

Figure 3 Composing the expression data for lab 51892 from scaled basis vectors. The green line shows the same for
the specified concentrations

ccccccccccccccc : Gomined vecrs . S— Original data
[S]
S o -

e

\
Ry
(

5555555555555555555555555555555555
111111111

eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee

= £o)
A / A / : ]
S g + 3 A g T\ + /
o % & 5
o v ————————— v, ——————————— ———————————— £ /\
C nnnnnnn Protein C nnnnnnn %
o 14 N—
¢  Component vector 3 )  Component vector 7 ined vectors (7)
o 1 GE"_
o o
x \\ /\ ///N\\ i > — T T T T T
o N o
= + 8 \V g3/ \/ + |, /
3 *1 fo) /\ \/ \/
m o
v4 e \/

555555555555555555555555

‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘

Component vector 4 ° Combined vectors(@ . . Component vector 8

55555555

55555555

55555555

‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘

We can take things a stage further by finding a set of ‘basis’ vectors that allow us to
construct every sample vector from scaled combinations of the basis vectors (figure 3).
This strategy underlies many multivariate techniques including PCA and discriminant
analysis. It also means that we can explore a lower dimensional view of the data based on
the factors you need to multiply each of the basis vectors by in order to reconstruct the
original sample vector. This presentation of the data essentially combines multiple
measures into one that is representative of their combined behaviour.

We can explore this in more detail using Principal Components Analysis. Wikipedia defines
PCA as:

“PCA is mathematically defined as an orthogonal linear transformation that transforms the data to a new
coordinate system such that the greatest variance by any projection of the data comes to lie on the first
coordinate (called the first principal component), the second greatest variance on the second coordinate, and
so on. PCA is theoretically the optimum transform for a given data in least square terms ”

This Is an accurate definition but very difficult to interpret. In the terminology used in this
poster what it does is factorises the sample vector data so as to find a set of basis vectors
(that are orthogonal linear transforms) optimised in such a way as to represent the largest
proportions of the data set variance in the first few basis vectors. The basis vectors are
shown in figure 4 along with the percent of overall variance each can explain.
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As shown In Figure 3 we can decompose PRG 2006 data vectors into scaled linear
combinations of these basis vectors. This means that we can now ignore the basis vectors
and explore the data in terms of the multiplicative factors required to build each sample
vector from the basis vectors. We also know that the coefficients of the first two basis
vectors will be the most efficient representation of the data (in terms of variance) we can
show in a single 2D plot.
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Applications for QC

We can now re-explore the 2006 PRG data in terms of the principal components. This will
allow us to easily view similarities and differences between the labs and see if there are
any clear differences between the various guantitation strategies.

Figure 5 shows the coefficients for the first two eigenvectors for the 19 labs. The points
have also been labelled by the quantitation strategy used.

We can extend this analysis to also show confidence bounds based on the distribution of
data across the labs. This gives a simple objective statistical measure of a lab’s relative
performance. Anything outside the 95 % ellipse is out of the bound suggested by the bulk
of the results and as such should be explored as to its possible causes.

Figure 5: Coefficients of the first two eigenvectors for the 19 labs with complete data. This is the usual view presented for
PCA data. We can produce similar plots for the remaining eigenvectors. This plot represents 91.1 % of the variance seen
In the data set. Anything outside the green ellipse is out of the 50% bound suggested by the bulk of the results. The 95
% confidence bound is shown by the amber ellipse.
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We can also see there is no clear clustering of the labs with quantitation technique, which
supports one of the original conclusions of the study. We can see that the average of the
labs (@) Is very close to the specified values ().

This technique can easily be used within and across labs. A lab could regularly run the
same standard and monitor variation over time or if something has failed across the
workflow.

Conclusions

Multivariate techniques are applicable to any data that can be aligned i.e. Where we can
get corresponding measures across labs. In practical terms this could be protein
expression data linked via identification (as in the PRG study), MS trace data, gel data
aligned to the same reference (etc.) all of which can be reduced in the same manner as
above. Only 8 variables were used in this poster but we have used the same principle on
the complete spot patterns of a gel set run across multiple labs with relative ease and
Informative results. Efforts must be made to obtain as complete data sets as possible as
‘missing values’ complicate the use of multivariate techniques.
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