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Table S1: Example of batch.csv file structure used for batch input into GCSscore package.
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Figure S1: Workflow diagram for GCS-score algorithm.
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Figure S2: Example of typical GCS-score histogram.  This histogram was derived from an an exon-level (PSRid/JUCid) analysis of two MTA 1.0 CEL files.
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Figure S3: Functional pathway enrichment for GCS-score results for GEO dataset: GSE76700. Top 20 pathways returned from IPA.
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Table 1. Example of .CSV input file for
batch runs



RunName CelFile1 CelFile2



Tx01_v_Ctrl01 Tx01.CEL Ctrl01.CEL
Tx01_v_Ctrl02 Tx01.CEL Ctrl02.CEL
Tx01_v_Ctrl03 Tx01.CEL Ctrl03.CEL
Tx02_v_Ctrl01 Tx02.CEL Ctrl01.CEL
Tx02_v_Ctrl02 Tx02.CEL Ctrl02.CEL
Tx02_v_Ctrl03 Tx02.CEL Ctrl03.CEL
Tx03_v_Ctrl01 Tx03.CEL Ctrl01.CEL
Tx03_v_Ctrl02 Tx03.CEL Ctrl02.CEL
Tx03_v_Ctrl03 Tx03.CEL Ctrl03.CEL



Example histogram: exon−level (PSR/JUC) ClariomD chip type
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Fig. 2. Example histogram for GCSscore output. Note the normal distribution to the scores
(mean=0.002, SD=1.031).



For more information regarding the implementation, please refer to
Figure 1. In brief: If arrays from a compatible chip type are read in, the
files are scaled to have equivalent median intensities for the desired probe
grouping method. The GCS-scores are normalized using the middle 98% of
the resulting raw scores. Finally, the normalized results are combined with
annotation information from the Bioconductor repository and are returned
to the user’s environment using the BioConductor Biobase data structure,
ExpressionSet. Additionally, the user can choose to save the GCSscore
results to disk, as a .CSV file.



3 Discussion



One of the principal advantages of the original S-score method was the
simple Gaussian-like statistics of the resulting output, as shown in Figure 2.
If no extreme differential expression exists between two .CEL files then
the GCSscore output will have a mean of 0 and a SD of 1 (Zhang et al.,
2002). Since, each run is z-scored and normalized prior to output, each
S-score becomes a representation of the standard deviation from the mean
of a Gaussian-like distribution. Once S-scores are generated between
two groups (e.g., ethanol-treated vs. water-control), then differential
expression analysis with multiple-test corrections can be applied to the



output of the GCSscore, as demonstrated in publications that utilized
the original code (Kerns et al., 2005, Wolen et al., 2012). While the
GCS-score algorithm is excellent for detecting changes in low abundance
genes, it requires a degree of similarity between the samples to provide
Gaussian-like statistics.
4 Changes from Previous Version



This algorithm is based off the original S-score algorithm and sscore R
implementation (Zhang et al., 2002, Kennedy et al., 2006a). The new
algorithm allows GCSscore to measure non-specific binding (NSB) using
the 16,943 antigenomic background probes rather than the individual MM
probes present on previous generations of Affymetrix arrays. Furthermore,
GCSscore package includes a rewritten and optimized version of the
original S-score code, that also allows the original PM-MM correction
method to be run on 30 IVT arrays, such as the Mouse 430 2.0 assay.
The package also uses a fundamentally more efficient and faster method
of calculation than the original Sscore implementation. This orders of
magnitude increase in speed is due primarily to the use of the ‘data.table’
package to handle calculations rather than the more traditional ‘data.frame’
object. The ‘data.table’ extension to ‘data.frame’ has advantages including
but not limited to a more concise syntax and a pass by reference approach
to manipulating data for more efficient memory handling. We also used
a more vectorized approach to handle the data as opposed to ‘for’ loop
iterations, which typically run slower in R.
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Example histogram: exon−level (PSR/JUC) ClariomD chip type
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Example histogram: exon−level (PSR/JUC) ClariomD chip type
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