
Inferring Gene Regulatory Networks
from RNA-seq Data using Kernel
Classification: supplemental
document

This supplementary materials document contains additional figures, files, and background.
The sections are as follows: Descriptions of other supplementary files, additional figures, and an
in-depth comparison between RNA-seq and microarray.

A. Descriptions of other supplementary files
The description for each file included is mentioned in the following:

• "SRA List.xlsx": The SRA accession numbers used to download RNA-seq count reads data
via RSEM

• "Micro-training-pca-36.csv": The data matrix of 10k zeros followed by 10k ones represented
by 36 moments for micorarray.

• "TPM-training-pca-36.csv": The data matrix of 10k zeros followed by 10k ones represented
by 36 moments for RNA-seq (TPM normalized).

• "FPKM-training-pca-36.csv": The data matrix of 10k zeros followed by 10k ones represented
by 36 moments for RNA-seq (FPKM normalized).

• "Detailed Data of Networks.xlsx": These are the genes predicted for the networks of TF
YEL009C and TF YNL068C. Part of the network is presented in Figure 8 of the main text.
The first column lists the shared predictions between RNA-seq and microarray. The second
column lists unique predictions by RNA-seq. The last column lists unique predictions by
microarray.

B. Figures
The following figures show the precision-recall curve with shaded error bars for each dataset
using REWKLR and SVM. Figure S1 illustrates the microarray dataset performance.
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Figure S1. 2-class Precision-Recall curves for REWKLR and SVM.



Figure S2 illustrates the RNA-seq TPM normalization dataset.
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Figure S2. 2-class Precision-Recall curves for REWKLR and SVM.

Figure S3 illustrates the RNA-seq FPKM normalization dataset.
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Figure S3. 2-class Precision-Recall curves for REWKLR and SVM.



The bar plot in Figure S4 demonstrates the performance of each classifier using all testing
datasets with a zoomed version for a better view of the error bars.
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Figure S4. The performance results is reported for the combination of all datasets, 
benchmarks, and classification models in terms of average recall. That resulted in curating 
twelve different testing datasets used for prediction. Each dataset (RNA-seq TPM normalized, 
RNA-seq FPKM normalized, and microarray) was validated using four different benchmarks 
(YTRP[21], YT[20], YP[23], and KEGG[24]). The curated datasets were classified and evaluated 
using classifiers (REWKLR, SVM, and one-class SVM). The error bars are considerably small.



The following figures show the Receiver Operating Characteristic (ROC) curves with shaded
error bars for each dataset using REWKLR and SVM. Figure S5 shows the microarray dataset.
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Figure S5. 2-class ROC curves for REWKLR and SVM. 

Figure S6 illustrates the RNA-seq TPM normalization dataset.
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Figure S6. 2-class ROC curves for REWKLR and SVM.



Figure S7 illustrates the RNA-seq FPKM normalization dataset.
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Figure S7. 2-class ROC curves for REWKLR and SVM.

C. Comparison: RNA-seq vs microarray
The advantages of RNA-seq and microarray have been demonstrated by various concordance and
comparative analysis studies. The potential of RNA-seq in identifying low-abundant transcripts
and isoforms with biological significance has been shown through a concordance study evalu-
ating the gene expression profile on time-from-injury of anterior cruciate ligament tissues and
a rat liver differential gene expression study evaluating the effect of different chemicals [1, 37].
Comparative studies using The Cancer Genome Atlas (TCGA) observed that RNA-seq includes
comprehensive details on particular transcript expression patterns and noticed some discrepan-
cies for the transcripts with extremely high or low expression levels in microarray analysis [8, 38].
Although most of the comparative studies between microarray and RNA-seq data showed an
overall agreement on DEGs identified through both technologies, the validation studies using
RT-PCR observed a higher coincidence rate for the RNA-seq generated data. [39, 40].

Studies have also reported RNA-seq outperforms microarray in some analyses such as isoform
characterization, toxicogenomics evaluation, cellular dynamics upon altered gravity exposure,
and genome-level alternative splicing [41–43]. A toxicogenomics study using rat liver RNA
demonstrated a 78% overlap of DEGs identified between microarray and RNA-seq. The study
observed that RNA-seq provides more insight into mechanisms of toxicity due to the advantages
such as more identified DEGs which suggested modulation of additional liver relevant pathways,
non-coding DEGs, and wider expression level ranges which aided in improved mechanistic
understanding [41]. Even though both technologies provide information on splice events, ad-
vantages of RNA-seq like improved sensitivity in finding genes with extremely low expressions
and better approximation of gene/transcript concentrations suggest it is a better technology
to identify the splice variants [42]. Similarly, a transcriptome profiling study on Jurkat T cell
RNA samples to understand the cellular dynamics upon altered gravity exposure demonstrated
overall comparability between both data but RNA-seq showed a greater sensitivity [40]. Based
on the studies reported, RNA-seq-based transcriptome profiling overcomes the limitations of
microarrays such as cross and non-specific hybridization, and limited probe-level detection which
also makes it the technology of choice by the scientific community [37, 42, 44].
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