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Inference for two-sample T-statistic
Although we may not assume the read counts have a normal distribution, analysis of two-sample t-statistic may provide a useful insight on the read count bias. For simplicity, the replicate sizes in the test and control conditions are the same as n and only one gene is considered. Suppose  and  are the read counts in test and control conditions, respectively, where ) and ). Then, for  and , the two sample T-statistic is given as
,
where ,  and . So, if  is sufficiently large such that , T is bounded by  which is independent of the read count. Otherwise, it is bounded by  which implies the ‘local’ read count bias at small read counts. Compared to SNR score (2), T-statistic is also affected by the square-root of replicate size.

Naïve LRT implementation
According to McCarthy et al. [1], the number of read counts in sample i that mapped to gene g () can be modeled by following log-linear model. 

where  is a vector of covariates that represents the experimental condition of RNA-seq sample i,  is the regression coefficient of gene g, and  is the total number of mapped reads in sample i. 
To estimate the effect of each gene to the phenotype, we performed log-ratio test comparing two models, with or without covariate term. It was done by using glm.nb() function in the MASS R package. An example code for calculating the LRT statistic of a gene (ENSG00000000003 in MAQC dataset) is in the following.
	library(MASS)
countTable = read.delim('http://bowtie-bio.sourceforge.net/recount/countTables/maqc_count_table.txt', row.names=1)
countTable = data.matrix(countTable) # MAQC-2 read count table.
 # ENSG00000000003 is in the first row of countTable
# sample class
 #log2 scale of total read count of each sample.
 # model with covariate term
 # model without covariate term.
 # Comparison of two models
  # Log-ratio test statistics 



Then, the LR statistic is evaluated as 30.633. Also, dispersion coefficient can be obtained as follows:
	 # 0.026



Publicly available RNA-seq datasets tested in this study
We used sixteen publicly available RNA-seq read count datasets including three technical replicate datasets (Marioni, MAQC-2, and Oliver), three genetically identical (GI) replicate datasets (Barutcu, Liu and Li) and four unrelated replicate datasets (TCGA KIRC, BRCA, PRAD and Tuch). For each dataset, genes having less than five median read counts were excluded from the analysis. 
· Marioni dataset: ~20 million reads mapped (median: 44 reads). Total mRNAs extracted from human liver and kidney sample were sequenced on 14 lanes of Illumina GA 1 (seven lanes each). In the early stage of RNA-seq study, Marioni and colleagues produced this dataset to estimate the technical variance of Illumina sequencing and compared the capability of identifying DE genes with that of the Affymetrix array. A processed RNA-seq read count matrix was downloaded from the supplemental table 2 of the Marioni and colleagues’ paper [2] . 
· MAQC-2 dataset: ~18 million read mapped (median: 51 reads). The MicroArray Quality Control Project (MAQC) measured the gene expression levels from two distinct RNA samples (Ambion’s human brain reference RNA and Stratagene’s human universal reference RNA) on four titration pools on seven microarray platforms [3]. MAQC-2 is a part of MAQC project. Bullard and colleagues [4] sequenced the two RNA samples on Illumina Genome Analyser II and then, evaluated the statistical methods for normalization and differential expression. The MAQC-2 count data and phenotype information were downloaded from the ReCount [5] web page (http://bowtie-bio.sourceforge.net/recount).
· Oliver dataset: ~32 million reads mapped (median: 52 reads). The mRNA from male and female head tissue of Drosophila melanogaster to identify sex-specfic alternative splicing events. Submission number of Sequence Read Archive is SRA012403 [6]
· Barutcu dataset: ~91 million reads mapped (median: 287 reads). The gene expression between MCF10A and MCF7 was compared and each had three GI replicates. The GEO accession number is GSE71862 [7]
· Liu dataset: ~358 million reads mapped (median: 558 reads). The gene expression between 10nM E2-treated and control MCF7 was compared. Each has seven GI replicates and each replicate was sequenced at multiple sequencing depths (2.5 ~ 30 million) and we used samples of 30 million reads. The GEO accession number is GSE51403 [8].
· Li dataset: ~9 million reads mapped (median: 34 reads). Gene expression between androgen-treated and control LNCaP cell line was measured. Each condition has three and four replicates respectively. RNA-seq raw count table was downloaded as ‘pnas expression.txt’ from https://sites.google.com/site/davismcc/useful-documents/ [9].
· [bookmark: OLE_LINK6]TCGA KIRC vs normal dataset: The RNA-seq count data of renal clear cell carcinoma (KIRC) patients’ tumour and matched normal samples were obtained from The Cancer Genome Atlas (TCGA) data portal [10, 11]. Due to the large size, we used a subset composed of randomly selected seven paired (cancer/matched normal) samples. ~761 million reads mapped in this subset (median: 1035 reads).
· TCGA BRCA dataset: The RNA-seq count data of the invasive breast cancer patients’ tumour and matched normal samples were downloaded from the TCGA Data portal [12]. Similar to KIRC dataset, a subset composed of randomly selected seven paired (cancer/matched normal) samples were used. ~692 million reads mapped in subset (median: 973 reads).
· TCGA PRAD dataset: The RNA-seq count data of prostate adenocarcinoma patient’s tumour and matched normal samples were downloaded from the TCGA Data portal. Each had 15 replicates. ~1.7 billion reads mapped (median: 1062 reads) [12]
· Tuch dataset: ~83 million reads mapped (median: 359 reads). Gene expression between oral squamous cell carcinoma and its matched normal samples were compared. Each condition has three unrelated replicates. RNA-seq count data is available in Table S1 of the paper [13]
· ModencodeFly dataset: It contains read counts of 30 distinct developmental stages (12 embryonic, 6 larval, 6 pupal, 3 male and 3 female adult stage) of Drosophila melanogaster [14]. Re-Count database provides its original (composed of the technical replicates of each developmental stage, 147 samples) and pooled (30 samples) RNA-seq data [5]. ~ 2.3 billion reads were mapped (median: 263 in the original and 1213 in the pooled data).
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