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Background: filtering genes with low numbers of aligned reads


It seems obvious that the accuracy of measuring low-abundant transcripts significantly depends on the sequencing depth.  To improve reliability of NGS results, we applied filtering of genes with insufficiently low numbers of reads before harmonization procedures.  The rationale for design of a filter is as follows. At the first iteration, we admit that the chance to register an individual type of mRNA molecule does not depend on its length. Let also N be the number of copies for a given type of mRNA molecules in the cell. Considering the number of protein-coding genes is ~20 000, the cell contains 2·104·µ(N) copies of different genes, where µ(N) is the mean number of mRNA copies over the whole ensemble of protein-coding genes. Under such circumstances, the probability to register in one (elementary) gene reading act a given type of transcripts, which exists in a cell in N copies, equals to.



Assuming there are K total aligned NGS reads, the overall probability (P) not to encounter a given type of gene transcript, which is presented in the sample by N copies is expressed by the formula:Thus, taking into account that the value of p0 is extremely low compared to 1, the required number of mapped sequencing reads sufficient for registration of this transcript with the probability (1 – P) will be as follows:   (1)
For the biological experiments, P is often set to 0.05, which corresponds to registering at least one transcript with 95% probability that is presented by N copies in K mapped sequencing reads.

However, most of commercially available mRNA NGS platforms generate sequencing reads which are than whole gene transcripts. In this case, the number of fragments that may present in the mixture for a transcript with the length L nucleotides, presented by N copies, is   .

The probability of registering a fragment of this gene in one reading act, therefore, equals to, where the index i runs through all unique types of transcripts in the cell. Consequently, the number of mapped sequencing reads required to find at least one fragment of a gene with the length L and expression level of N copies per sample is    .(2)
The major problem, nevertheless, is related to assessment of typical distribution of N over all the specific transcript types in the sample.  Although the range of expression levels for common high-throughput mRNA profiling techniques, both microarray hybridization [1–4] and NGS [1, 5–7] does not exceed four-five orders of magnitude, the results of quantitative RT-PCR examination suggest wider span of expression levels – up to seven orders of magnitude [8, 9]. Moreover, quantitative RT-PCR is thought to measure gene expression more accurately compared to the other abovementioned methods [10]. 
To adapt the SEQC [11] span of expression levels to those observed in quantitative RT-RCR measurements, we did a log-linear rescaling for the expression data obtained from the SEQC project: log10 Ntrue = a·log10 NSEQC + b, where a and b parameters assure that the minimal and maximal true expression levels in the whole gene set are equal to 1 and 107, respectively.
The dependence of required read depth (K) upon the number of gene copies (N) may be plotted as follows (see Figure S2_1, panel a). The blue line represents the trivial trend without correction on the gene length (Eq. (1)). The green cloud shows results that do not include mRNA length correction (Eq. (2)). The median transcript length, according to the New Human Genome Reference Sequence (GRCh37) database [12], equals to 766 nucleotides, whereas the minimal is 24, and maximal is 21246. The red dots mark the 95% quantile for the distribution of the value K at a fixed N; this dependence shows what should be the sequencing depth to find at least 95% individual types of mRNA with the probability of 95% for each of these types. 

Since the true number of mRNA copies N is unobservable and not measureable, in order to determine the genes, whose expression levels are measured reliably, we have to exclude this explicitly formulated value from our expression filter. The panel b on Figure S2_1 shows the probability density (f), as well the complementary cumulative distribution function (survival function) for the number of gene copies N in the whole gene set. This survived fraction (1-F) of genes with reliably high number of counts (which should survive after filtration), as a function of read depth (K), is shown on panel c of Figure S2_1.
[image: ]
Figure S2_1 – Calibration curves for the threshold expression filter depth. Threshold shows sequencing depth sufficient for finding at least 95% of individual types of mRNA with the probability of 95% for each of these types. 
Panel a:  logarithmic scale for number of sequencing reads (K) sufficient to identify a type of mRNA presented by N copies at 95% probability. Gene expression levels were taken from the GTEx reference dataset [1]. Blue curve: assessment adapted for the range of expression levels from 1 to 107 copies per cell [8–10].  Green dots: values adjusted by the factor of length  for each mRNA molecule according to the GRCh38 human gene reference data [13]. Red dots: 95% quantile for the values defined above as green dots. 
Panel b: probability density function (magenta curve) and complementary cumulative distribution function (survival function 1-F; black curve) for the relative distribution of mRNA copy numbers. The value of (1-F) equals to fraction of mRNA types with sufficient high copy numbers to survive filtering.
Panel c: 1-F, fraction of mRNA types having sufficient numbers of reads to survive filtering, as a function of sequencing depth, K. Magenta dots: distribution of gene expression levels from SEQC project [11] adapted for the default span of expression levels from 1 to 107 [8–10]. Black dots: fraction of unique genes taken from the SEQC reference dataset that survived filtering assuring the 95% probability for registering of at least one copy of 95% mRNA types for protein coding genes. Magenta dots: distribution of gene expression levels from SEQC project adapted for the default span of expression levels from 1 to 107 cell [8–10]. 
Expression filter uncovers pattern of miRNA influence on translation in differentiation of myotubes.
In a recent study, de Klerk and coauthors report results of multi-omics profiling (mRNA sequencing, ribosome-associated microRNA sequencing (ribo-seq) and microRNA sequencing), which may highlight the molecular mechanisms of gene expression regulation at the level of translation, especially its regulation by microRNAs [14] (European Nucleotide Archive, ENA, accession number PRJEB7207). The authors studied mouse myoblasts, which were specifically differentiated into myotubes. We applied the expression filter to the above sequencing data (Table S2_1). For the detailed analysis, we took the cyclohexamide-assisted data for the ribo-seq, because this type of data was reported to be less vulnerable to systemic bias in comparison with the harringtonine-assisted ribo-seq data [15, 16].  

Since microRNAs inhibit translation of their target mRNAs, theoretically this inhibition may at least partly explain the differences between the gene expression profiles deduced from the total mRNA sequencing and from the ribo-seq profiling data, both at the level of single genes and molecular pathways.       


Similar to CNR and PAS concepts for protein-coding genes and their transcripts, the corresponding values describing impact of total microRNA profiles on translation, can be calculated. Recently, a formula was published for the miRNA-based pathway activation strength calculations [17, 18]. For any distinct protein-coding gene g inhibited by microRNAs, a value indicating miRNA impact on its regulation, is introduced:
where the summation is performed for all miRNA  types that specifically inhibit  the expression of gene g; miCNRn here is the case-to-normal ratio of expression levels for a particular microRNA n.
The miRNA-dependent effect on the activation of a pathway p may be evaluated as follows: 


The corresponding Boolean micro-RNA involvement index (miIIij) shows whether transcript of gene  is targeted by microRNA j. Since microRNA-induced inhibition affects translation process, theoretically the difference (Δ = Ribo_Seq – mRNA_Seq) between Ribo-seq and total mRNA-seq profiling results may be positively correlated with the vector driven by microRNA-induced effect on translation, at both levels: (1) at the level of individual protein-coding genes (log CNR_miRNA) and (2) at the level of molecular pathways (miRNA_PAS).
The effect of an NGS expression filter on this type of correlation is shown on Figure S2_2. The panels show how the above difference Δ depends on the microRNA-induced inhibition of translation. Left panels (a, c and e) show this dependence for the individual protein-coding genes, right panels (b, d and f) represent pathway-based data (PAS).
Without NGS expression filter, there is no correlation between microRNA-dependent alteration of translation and difference between ribo-seq vs total mRNA sequencing profiles, both at the level of individual genes (panel a) and molecular pathways (panel b).




Table S2_1. Performance of the NGS expression filter for the PRJEB7207 dataset [14].

	
Sample ID
	
Sample description
	Number of genes with non-zero  number of  reads
	Sequencing depth, K/106 reads
	Proportion of genes passed filtering
(1-F)
	Number of genes passed filtering
	Minimal number of reads that passed filtering

	ERR595895
	Total mRNA-seq, myoblasts, replicate 1
	8801
	0.63
	20
	1721
	42

	ERR595896
	Total mRNA-seq, myoblasts, replicate 2
	8669
	0.38
	14
	1204
	37

	ERR595897
	Total mRNA-seq, 
myotubes, replicate 1
	7750
	0.46
	17
	1288
	65

	ERR595898
	Total mRNA-seq, 
myotubes, replicate 2
	7934
	0.64
	20
	1575
	74

	ERR595899
	Ribo-seq with harringtonine, myoblasts, replicate 1
	9413
	0.57
	18
	1731
	54

	ERR595900
	Ribo-seq with harringtonine, myoblasts, replicate 2
	9623
	0.66
	21
	1952
	59

	ERR595901
	Ribo-seq with harringtonine, myoblasts, replicate 3
	9605
	0.86
	25
	2363
	67

	ERR595902
	Ribo-seq with cyclohexamide,
 myoblasts, replicate 1
	9210
	0.36
	13
	1233
	50

	ERR595903
	Ribo-seq with cyclohexamide, 
myoblasts, replicate 2
	9237
	0.34
	13
	1190
	49

	ERR595904
	Ribo-seq with cyclohexamide, 
myoblasts, replicate 3
	9050
	0.44
	16
	1465
	59

	ERR595905
	Ribo-seq with harringtonine, myotubes, replicate 1
	8608
	0.20
	9
	764
	36

	ERR595906
	Ribo-seq with harringtonine, myotubes, replicate 2
	8510
	0.21
	9
	772
	39

	ERR595907
	Ribo-seq with harringtonine, myotubes, replicate 3
	9212
	0.42
	16
	1439
	49

	ERR595908
	Ribo-seq with cyclohexamide, 
myotubes, replicate 1
	9697
	1.17
	27
	2654
	79

	ERR595909
	Ribo-seq with cyclohexamide, 
myotubes, replicate 2
	9659
	1.02
	26
	2509
	59

	ERR595910
	Ribo-seq with cyclohexamide, 
myotubes, replicate 3
	10292
	3.81
	44
	4573
	114



When applying additional filtering to analyze only those cases that have different signs for total mRNA-seq and ribo-seq profiles (i.e., either the log-CNR/ PAS for total mRNA-seq is positive when the same value for ribo seq is negative, or vice versa), panels e and f, this dramatically increases the correlation for both levels of individual genes (panel e) and molecular pathways (panel f). 
Interestingly, the pathways forming the lower cluster on this panel mostly represent various branches of the integrin-linked kinase (ILK) superpathway.  The central role of the ILK signaling in the development of myotube was mentioned in many previous studies, e.g. [19, 20]. 
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Figure S2_2. Dependence of difference (Δ = Ribo – mRNA) between ribo-seq and total mRNA-seq profiling results (vertical axis) upon the microRNA expression data – based predicted alteration of translation efficiencies (horizontal axis). Left panels (a, c, e): data analysis at the level of individual protein-coding genes (log2CNR values), right panels (b, d, f) represent molecular pathway (PAS) level [17, 18]. The primary expression data were obtained from [14], NEA accession number PRJEB7207 for mouse myoblasts (taken as the normal samples) and mature myotubes (taken as the case samples). Upper panels (a, b): results without NGS expression filter. Central panels (c, d): profiling after application of NGS expression filter. Lower panels (e, f): profiling results after application of NGS expression filter and additional selection for the entries that change their sign at the mRNA-seq and ribo-seq levels (see text).   
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