Comprehensive analysis of RNA-sequencing to find the source of 1 trillion reads across
diverse adult human tissues

Supplementary Materials



(o)

3

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

Table of Contents

SUPDIEMENTAIY FIQUIES .....coeneeeeeeeeeeee et e et e ee et e e e e ree e s sesate e e s e ssseaeseesbesessanseeeesannseeesanses 6
Supplemental Figure S1. Edit distance of lost human reads. ......ccccccoceeveciieecciiiececneee. 6
Supplemental Figure S2. Genomic profile of mapped and lost human reads. .............. 76
Supplemental Figure S3. Profile of repeat elements. ..........cooeiveeiecciiiiiciiee e, 10

Supplemental Figure S4. Distribution of non-co-linear (NCL) events across samples... 18
Supplemental Figure S5. Number of NCL events across tissues and library preparation
o] 0o T o] 3SR 19
Supplemental Figure S6. Percentage of immune reads mapped to B-cell receptor (BCR)
and T-cell receptor (TCR) IOCI. .uuuiiiicieieecceie ettt e e e e s 81
Supplemental Figure S7. Percentage of immune reads mapped to genes encoding the
constant region of immunoglobulin heavy locus (IGH). ......ccoocvieieeciiircce e, 83
Supplemental Figure S8. Combinatorial diversity of immunoglobulin kappa locus (IGK)
[OCUS @CTOSS LISSUBS. ...c.uveiieieieiiieeteet ettt ettt et e e e e b e seesneesbeeeneeeneas 26
Supplemental Figure S9. Association between microbial load and immune diversity. 27
Supplemental Figure S10. Combinatorial diversity of immunoglobulin lambda locus (IGL)
locus differentiates disease StatUus. ......c.ceeueirieeieeiiiece e 28
Supplemental Figure S11. Combinatorial diversity of T cell receptor beta (TCRB) locus
differentiates disease StatUus. .....coocorieeiiiiinee s 30
Supplemental Figure S12. Combinatorial diversity of T cell receptor gamma (TCRG) locus
differentiates disease StatUus. .....coocorieeiiiiinee s 31

Supplemental Figure S13. Distribution of hyper-edited reads. ......ccccccveeverreceeeennnneee. 15



27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

Supplemental Figure 14. The sequence context of the Figure S13. The sequence context

of the detected hyper-edited A-t0-G SIteS......cccvieeeciieie et e 16
Supplemental Figure S15. Profile of repeat elements across GTEx tissues. .................... 7
Supplemental Figure S16. Profile of DNA repeats across GTEX tiSSUES........ccceeveeeeeennnennn. 8
Supplemental Figure S17. Profile of SVA retrotransposons across GTEx tissues............. 9

Supplemental Figure S18. Number of VJ recombinations across GTEx human tissues for
IGK CR@IN. .ttt e e e bt s re e e n e e ne e e e e ne s 23
Supplemental Figure S19. Number of VJ recombinations across GTEx human tissues for
(G o =1 [ DRSO P RO PRUPPTI 25
Supplemental Figure S20. An example of coverage plot of EBV virus. Viral reads were

obtained by ROP protocol from GTEx RNA-Seq sample of EBV-transformed

lymphoblastoid cell lINES (LCLS).....uuiiveeiieiiecieeeeee et 21
SUPPIEMENTAI TADIES ........oeoeeeeeeeeeeee ettt et e e e et e e s et e e e e e enbaee e e nneeeaenans 33
Supplemental Table 1. RNA Seq-Data OVEIrVIEW..........cccocceveeiriiiieeeceeee e ceeeee e 33

Supplemental Table 2. Genomic profile across tissue types and library preparation
0 T=1 1 Vo o L3R 36
Supplemental Table 3. Repeat profile across tissues types and library preparation
0 T=1 1 Vo o L3R 79
Supplemental Table 4. Relative genomic abundance of microbial taxa at different levels
of taxonomic classification after removal of reads with human origin (average over all

SAMPIES OF LISSUBS). uveeieiiiciieeieere e ee s st e e s sa e e e sbe e e saeeenans 40



48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

Supplemental Table 5. Number of RNA-Seq reads mapped to BCR and TCR genes
(00T 010 o TR (=T Lo L3 TR 84
Supplementary Table 6. Parameters for each RNA-Seq aligner for default, sensitive, and
Very SENSITIVE SETHINES. ettt e e e e e e e e e s 41

Supplementary Table 7. Average mapping rate for different aligners with different

SENSITIVITIOS. it e s s 41
SUPPIEMENtAl MELROUS .........ccceveeeeieecie ettt ae s st e s e e e sree s sseenans 42
U] o) (=Tt A Y= ol U1 g 0 V=Y o RPN 42
Y18 gY o] =R 6011 [=Y ot o] o SR POSPR 43
Whole Transcriptome SEQUENCING ......cuvieuieiriiericireeireee e s seeresereeeseesseeessseessaeesssennans 43
Workflow to categorize the mapped reads .........cocveveeeiieiiciinccieee e 45
Map reads onto human genome and transcriptome..........ccocueeeevveeeevciieeeiiiieeeeennnn. 45
Categorize mapped reads into genomic CAteGorieS......c.....cuvvuuiiiiiieeiiiieeeiiiieeeeennn 45
Categorize mapped reads overlapping repeat instances..............c....ccceeeevvvviueeeeenn... 47

Categorize mapped reads overlapping B cell receptor (BCR) and T cell receptor (TCR)

JOCi ... 51
Workflow for categorizing the unmapped reads ................oeeeceeeeeecieeeeciiieeeecceeee e, 54
AL QUATTEY CONTIOL .o 54
B. Mapping unmapped reads onto the human references. ........cccocveuvevveeeeeiiieeeeeenn.. 55
C. Mapping unmapped reads onto the repeat SEQUENCES ...........cccueeeeciieeeieiieeeeeennnn. 56

D. Workflow to detect ‘non-co-linear’ reads (trans-splicing, gene fusions, and

CIFCRINAS) <ot 57



70

71

72

73

74

75

76

77

78

79

80

81

82

E. Mapping unmapped reads onto the V(D)J genes of antibody loCi............c............ 58

F. Identification of microbiQl reAdS. ......c.....coovueiiiiiiiieieieeeeie e 61
Comparing diversity aCrOSS GrOUDPS ......ciicueiiirieerierrereiareeeseesssseessseessseeesssessssseessseessaees 62
Percentage of unmapped reads calculation ...........ccovvciieeii e 63

Computational resources required to run ROP protocol ... Error! Bookmark not defined.

Complexity analysis using Capture Recapture Model .........cccooveeeeiiiiiccieee e, 69
SEALISTICA] MOTE ... e 70
Read Complexity ANAIYSIS . ....ccciiicieiiiieicir et see e s e e e e naes 71
Annotated Feature Complexity ANalysis.......cccoveereeiiieircieecreeere s 72
List Of SOftware toO0IS USEd: ...t 85
DAtAb@SES. ...t n e e ne s 86
RETEIENCES: ..ttt ettt et ae e st e s b e s bt e sae e s ee e sae e sneeseeenas 87



&3

84

85

86

87

88

89

90

91

92

93

94

Supplementary Figures

reads within the
threshold of A0S
tophat2 gap

reads with additional mismatches and/or short

25%

20%

15%
15%

I

10%

6%

5%

Percentage of lost human reads (%)

0%

edit distance

Supplemental Figure S1. Edit distance of lost human reads.

Unmapped reads were remapped to the human references using Megablast. Edit distance
was calculated as the minimum number of operations required to transform a read
sequence into the corresponding reference subsequence. Reads are grouped by edit
distance with the transcriptome or the genome reference. The percentages are the

averages across 10641 samples.



95

96

97

98

99

100

101

102

103

104

105

106

DNA Retroposon satellite
8% 1% 0.3%

ERVL-MaLR

On average 7% of RNA-Seq reads are categorized as repeats

Supplemental Figure S2. Profile of repeat elements across based on repeat sequences

inferred from mapped and unmapped reads (lost repeat reads).

ROP identifies and categorizes repetitive sequences among the mapped and unmapped
reads. Mapped reads were categorized based on the overlap with the repeat instances
prepared from RepeatMasker annotation (Repeatmasker v3.3, Repeat Library 20120124).
Lost repeat reads are unmapped RNA-Seq reads aligned onto the reference repeat
sequences (prepared from Repbase v20.07). The percentages are the averages across

10641 samples.
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Supplemental Figure S3. Profile of DNA repeats based on repeat sequences inferred from

mapped and unmapped reads (lost repeat reads).

ROP identifies and categorizes DNA repetitive sequences among the mapped and
unmapped reads. Mapped reads were categorized based on the overlap with the repeat
instances prepared from RepeatMasker annotation (Repeatmasker v3.3, Repeat Library
20120124). Lost repeat reads are unmapped RNA-Seq reads aligned onto the reference
repeat sequences (prepared from Repbase v20.07). The percentages are the averages

across 10641 samples.
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Supplemental Figure S4. Profile of SVA retrotransposons based on repeat sequences
inferred from mapped and unmapped reads (lost repeat reads). ROP identifies and
categorizes SVA retrotransposons sequences among the mapped and unmapped reads.
Mapped reads were categorized based on the overlap with the repeat instances prepared
from RepeatMasker annotation (Repeatmasker v3.3, Repeat Library 20120124). Lost
repeat reads are unmapped RNA-Seq reads aligned onto the reference repeat sequences

(prepared from Repbase v20.07). The percentages are the averages across 10641 samples.
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Supplemental Figure S5. Profile of repeat elements across poly(A) enrichment and ribo-
depletion libraries. ROP identifies and categorizes repetitive sequences among the
mapped and unmapped reads. RNA-Seq samples were prepared by poly(A) enrichment
protocol (n=38) and ribo-depletion protocol (n=49). Mapped reads were categorized based
on the overlap with the repeat instances prepared from RepeatMasker annotation
(Repeatmasker v3.3, Repeat Library 20120124). Lost repeat reads are unmapped RNA-Seq

reads aligned onto the reference repeat sequences (prepared from Repbase v20.07).
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Supplemental Figure 6. Average number of SVA-F reads across GTEx tissues. ROP identifies
and categorizes SVA retrotransposons sequences among the mapped and unmapped
reads. Mapped reads were categorized based on the overlap with the repeat instances
prepared from RepeatMasker annotation (Repeatmasker v3.3, Repeat Library 20120124).
Lost repeat reads are unmapped RNA-Seq reads aligned onto the reference repeat
sequences (prepared from Repbase v20.07). Among the GTEx tissues, testis showed
significantly higher expression of SVA F retrotransposons compared to other tissues (p =

2.46x10733)
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151  Supplemental Figure 7. Co-expression of Alu and L1 elements across GTEx tissues. ROP
152  identifies and categorizes repetitive sequences among the mapped and unmapped reads.
153  Mapped reads were categorized based on the overlap with the repeat instances prepared
154  from RepeatMasker annotation (Repeatmasker v3.3, Repeat Library 20120124). Lost
155 repeat reads are unmapped RNA-Seq reads aligned onto the reference repeat sequences

156  (prepared from Repbase v20.07).
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Supplemental Figure S8. Distribution of hyper-edited reads.

A. Hyper-editing identified in the in-house data. Results showed that 96% of the reads were
A-to-G, indicating a high level of specificity for the hyper-editing screen. The 1,613,213
detected A-to-G reads contain 10,666,458 editing events (3,157,685 unique editing-sites).
B. Hyper-editing identified in the GTEx RNA-Seq data. Results showed that 80% of the reads
were A-to-G, indicating a high level of specificity for the hyper-editing screen. The
201,676,069 detected A-to-G reads contain 1,130,591,911 editing events (690,386,562

unique editing-sites).
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Supplemental Figure S9. The sequence context of the Figure S8. The sequence context of

the detected hyper-edited A-to-G sites.

The sequence near the detected hyper-editing sites is depleted of Gs upstream and
enriched with Gs downstream, in agreement with previously known data about the ADAR
motif. The bars correspond to the fraction of editing sites with each type of nucleotide one
base upstream and downstream of the site. Results are shown for sites detected in-house
RNA-Seq data (A) and GTEx RNA-Seq data (B) using the hyper-editing pipeline and human

editing-sites from the RADAR database.

17



186

187

188

189

190

191

192

193

=
(=}
o

6)

60%

40%

20%

PERCENTAGE OF NON-COLLINEAR EVENTS (

Q

1 2 3 4 5 6 7 8 9 10 11 12 13 14 >=15
NUMBER OF RNA-SEQ SAMPLES

Etrans-splicing B gene fusion circRNAs

Supplemental Figure S10. Distribution of non-co-linear (NCL) events across across 10641

samples. .

Reads arising from trans-splicing, gene fusion and circRNA events are captured by a
TopHat-Fusion and CIRCexplorer2 tools. Trans-splicing events are identified from reads
that are spliced distantly on the same chromosome. Gene fusion events are identified from
reads spliced across different chromosomes. CircRNAs are identified from reads spliced in

a head-to-tail configuration.
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195  Supplemental Figure S11. Number of NCL events across in-house tissues and library

196  preparation protocols.

197  NCL events per sample are detected by TopHat-Fusion and CIRCexplorer tools. Samples
198  were prepared with poly(A) selection (whole blood and nasal epithelium) and ribo-
199  depletion (lung epithelium) protocols. Trans-splicing events are identified from reads
200  spliced distantly on the same chromosome. Gene fusion events are identified from reads
201  spliced across different chromosomes.
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212 Supplemental Figure S12. Percentage of NCL reads across GTEx tissues (n=54). Percentages
213 are calculated from the total number of reads. Reads arising from trans-splicing, gene
214 fusion and circRNA events are captured by a TopHat-Fusion and CIRCexplorer2 tools and
215  reported a NCL reads.
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223 Supplemental Figure S13. An example of coverage plot of EBV virus. Viral reads were
224  obtained by ROP protocol from GTEx RNA-Seq sample of EBV-transformed lymphoblastoid

225  cell lines (LCLs).
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Supplemental Figure S14. Number of V.J recombinations across GTEx human tissues for IGK

chain.
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235  Supplemental Figure S15. Number of VJ recombinations across GTEx human tissues for IGL

236  chain.
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Supplemental Figure S16. Combinatorial diversity of immunoglobulin kappa locus (IGK)

locus across in-house tissues.

Samples were prepared by poly(A) selection (whole blood and nasal epithelium) and ribo-
depletion (lung epithelium) protocols. The combinatorial diversity of IGK locus is
determined based on the recombinations of the VJ gene segments. Shannon entropy
measures the alpha diversity by incorporating the total number of VJ combinations and
their relative proportions. Mean alpha diversity for blood samples was 4.2, for nasal

samples, was 2.5, and for lung, was 1.0.
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Supplemental Figure S17. Association between microbial load and immune diversity.

(a) Scatterplot of the viral load and combinatorial immune diversity of IGK locus. Pearson

correlation coefficient (r) and p -value are reported. (b) Scatterplot of the eukaryotic load

and combinatorial immune diversity of IGK locus. Pearson correlation coefficient (r) and p

-value are reported. (c) Scatterplot of the bacterial load and combinatorial immune

diversity of IGK locus. Pearson correlation coefficient (r) and p -value are reported.
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Supplemental Figure S18. Combinatorial diversity of immunoglobulin lambda locus (IGL)

locus differentiates disease status.

(a) Heat map depicting the percentage of RNA-Seq samples supporting particular VJ
combination for whole blood, nasal epithelium of healthy controls and asthmatic
individuals. Each row corresponds to a V gene and each column corresponds to a J gene.
(b) Alpha diversity is measured using the Shannon entropy incorporating the total number
of VI combinations and their relative proportions. Nasal epithelium of asthmatic
individuals exhibits decreased combinatorial diversity of IGK locus compared to that of
healthy controls (p-value=5.9x103) (c) Compositional similarities between the samples in

terms of gain or loss of VJ combinations of IGK locus are measured using the Sgrensen—
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293

Dice index across pairs of samples from the same group (Asthma, Controls) and pairs of
sample from different groups (Asthma versus Controls). Lower level of similarity is
observed between nasal samples of the asthmatic individuals compared to the unaffected
controls (p-value<9.2 x 10™). Nasal samples of the unaffected controls are more similar

to each other than to the asthmatic individuals (p-value<2.3 x 10°®).
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Supplemental Figure S19. Combinatorial diversity of T cell receptor beta (TCRB) locus

differentiates disease status.

(a) Heat map depicting the percentage of RNA-Seq samples supporting of particular VI
combination for whole blood, nasal epithelium of healthy controls and of asthmatic
individuals. Each row corresponds to a V gene and each column corresponds to a J gene.
(b) Alpha diversity is measured using the Shannon entropy incorporating the total number
of VJ combinations and their relative proportions. The nasal epithelium of asthmatic
individuals exhibits a decrease in combinatorial diversity of IGK locus compared to that of
healthy controls (p-value = 4.0 x 107%) (c) Compositional similarities between the samples
in terms of gain or loss of VJ combinations of IGK locus are measured using the Sgrensen—
Dice index across pairs of sample from the same group (Asthma, Controls) and pairs of
sample from different groups (Asthma versus Controls). Lower level of similarity is
observed between nasal samples of asthmatic individuals compared to unaffected controls
(p-value < 9.4 x 10™). Nasal samples of unaffected controls are more similar to each other

than to the asthmatic individuals (p-value < 7.4 x 107).
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Supplemental Figure S20. Combinatorial diversity of T cell receptor gamma (TCRG) locus

differentiates disease status.

(a) Heat map depicting the percentage of RNA-Seq samples supporting of a particular VJ
combination for whole blood, nasal epithelium of healthy controls and asthmatic
individuals. Each row corresponds to a V gene and each column corresponds to a J gene.
(b) Alpha diversity is measured using the Shannon entropy incorporating the total number
of VI combinations and their relative proportions. Nasal epithelium of asthmatic
individuals exhibits decreased combinatorial diversity of IGK locus compared to that of
healthy controls (p-value = 1.2 x 10, ANOVA). (c) Compositional similarities between the

samples in terms of gain or loss of VJ combinations of IGK locus are measured using the
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340

Sgrensen—Dice index across pairs of sample from the same group (Asthma, Controls) and
pairs of sample from different groups (Asthma versus Controls). Lower level of similarity is
observed between nasal samples of asthmatic individuals compared to unaffected controls
(p-value < 1.3 x 10°®)). Nasal samples of unaffected controls are more similar to each other

than to the asthmatic individuals (p-value < 8.2 x 10°®).
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Supplemental Tables

Supplemental Table S1. RNA-Seq datasets overview. in-house RNA-Seq data (n=86)
from the peripheral blood, nasal, and large airway epithelium of asthmatic and control
individuals (S1); (2) multi-tissue RNA-Seq data from Genotype-Tissue Expression (GTEx v6)
from 53 human body sites (Consortium & others, 2015) (n=8555) (S2); (3) randomly
selected RNA-Seq samples from the Sequence Read Archive (SRA) (n=2000) (S3). Unless
otherwise noted, we reported percentage of reads averaged across 3 datasets. For
counting purposes, the pairing information of the reads is disregarded, and each read from

a pair is counted separately.

Datasets S1 S2 S3
Number of samples 87 8555 1000
Read length 100bp 76bp | 25-100bp
Average number of reads per sample, (million reads) 88.8 54.6 90.2
Percentage of mapped reads (%) 83.8% 88.2% 77.2%
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Supplemental Table S2. Genomic profile of unmapped reads reported for each dataset (S1,
S2, S3). Percentage of unmapped reads for each category is calculated as a fraction from
the total number of reads. Bars of the plot are not scaled. Human reads (black color)
mapped to reference genome and transcriptome via TopHat2. (a) Low quality/low-
complexity (light brown) and reads matching rRNA repeating unit (dark brown) were
excluded. (b) Hyper-edited reads are captured by hyper-editing pipeline proposed in
(Porath et al., 2014). (c) ROP identifies lost human reads (red color) from unmapped reads
using a more sensitive alignment. (d) ROP identifies lost repeat sequences (green color) by
mapping unmapped reads onto the reference repeat sequences. (e) Reads arising from
trans-spicing, gene fusion and circRNA events (orange color) are captured by a TopHat-
Fusion and CIRCexplorer2 tools. (f) IgBlast is used to identify reads spanning B and T cell
receptor gene rearrangement in the variable domain (V(D)J recombinations) (violet color).
(g) Microbial reads (blue color) are captured by mapping the reads onto the microbial

reference genomes.

34



379

Mapped

Unmapped

Low quality reads
rRNA repeat

Lost human reads
Hyper-edited reads
Lost repeat reads
NCL RNA

V(D)J recombinations
Microbial reads

Unaccounted reads

S1

83.2%

17%

4.8%

3.8%

6.0%

0.02%

0.3%

0.3%

0.01%

1.5%

0.18%

S2

88.2%

11.8%

7.0%

0.1%

3.7%

0.1%

0.1%

0.3%

0.03%

0.5%

0.09%

S3

77.2%

23%

9%

3%

8%

0.1%

0.1%

0.4%

0.01%

2.3%

0.10%

Averaged across 3 datasets

82.9%
17.1%
7.0%
2.4%
5.7%
0.1%
0.2%
0.3%
0.02%
1.4%

0.12%
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384  Supplemental Table S3. Relative genomic abundance of microbial taxa at different levels

385  of taxonomic classification after removal of reads with human origin (average over all

386  samples of tissues).

387  Taxonomic classification is performed using MetaPhlAn2, which is able to assign the

388 filtered unmapped reads to the microbial marker genes.

Tissue

Whole blood

Nasal epithelium

Lung epithelium

N
Library preparation method

19

poly(A) enrichment

19

poly(A) enrichment

49

ribo-depletion

Phylum
Proteobacteria 0.0% 0.9% 100.0%
Actinobacteria 0.0% 99.1% 0.0%
Class
Betaproteobacteria 0.0% 0.5% 86.7%
Gammaproteobacteria 0.0% 0.5% 13.3%
Actinobacteria 0.0% 98.9% 0.0%
Order
Burkholderiales 0.0% 0.0% 87.0%
Enterobacteriales 0.0% 0.0% 12.0%
Actinomycetales 0.0% 99.5% 0.0%
Pseudomonadales 0.0% 0.5% 1.0%

389
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390

391

392

393

394

395

396

397

Supplementary Table S4. Parameters for each RNA-Seq aligner for default, sensitive, and

very sensitive settings.

Sensitive setting has more relaxed parameters for filtering.

seedNonelociPerWindo

w 10 -

outFilterMismatchNmax

10 — seedPerReadMax

1000

Default Sensitive Very Sensitive
Topha |-D10-R2-NO-L22-i|-D 15 -R 2 -L 22 -i|-D20-R3-NO -L 20 -i
t S,0,2.50 S,1,1.15 S,1,0.50
STAR | -- - -

seedNonelociPerWindo

w 15 --

outFilterMismatchNmax

15 --seedPerReadNmax

1500

seedNonelociPerWindo
w 15 --
outFilterMismatchNmax
15 --seedPerReadNmax
1500

--twopassMode

Basic

Supplementary Table S5. Average

mapping settings.

mapping rate for different aligners with different

The average rate is noted, and the standard deviation is noted within parenthesis.

Default/Fast Sensitive Very Sensitive
Tophat 89.06% (3.84) 89.22% (3.51) 89.18% (3.62)
STAR 80.86% (9.22) 81.70% (9.25) 81.74% (9.35)
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Supplemental Methods

In-house RNA-Seq data

Subject Recruitment

Poly(A) selected RNA-Seq samples (n=38). In this analysis, we used a subset of Puerto Rican
Islanders recruited as part of the on-going Genes-environments & Admixture in Latino
Americans study (GALA Il) (Anders, Pyl, & Huber, 2014; Jin, Tam, Paniagua, & Hammell,
2015; Melé et al., 2015; Tarailo-Graovac & Chen, 2009). We classified asthma by physician
diagnosis and the presence of at least two symptoms (wheezing, coughing, or shortness of
breath) during 2 years prior to the enrollment. All study subjects had no history of smoking
or recent (within 4 weeks of recruitment) nasal steroid use. The study was approved by
local institutional review boards, and written assent/consent was received from all subjects
and, if applicable, parents of subjects under the age of legal consent.

Ribo-Zero RNA-Seq samples (n=49). Via community-based advertising, we recruited adults
aged 18-70 vyears to participate in a study, in which they underwent research
bronchoscopy. The study was approved by the University of California at San Francisco
Committee on Human Research. Written informed consent was obtained from all subjects,
and all studies were performed in accordance with the principles expressed in the

Declaration of Helsinki.
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Sample Collection

Poly(A) selected RNA-Seq samples (n=38). Methods for nasal epithelial cell collection and
processing are described in Poole et al. (Tarailo-Graovac & Chen, 2009). Briefly, nasal
epithelial cells were collected from behind the inferior turbinate with a cytology brush
using a nasal illuminator. The collected brush was submerged in a mixture of RLT Plus lysis
buffer and beta-mercaptoethanol, and frozen at -80 C until extraction was performed with
a Qiagen Allprep RNA/DNA extraction kit (Qiagen, Valencia, CA). We collected 10ml of
whole blood using PAXgene RNA blood tubes (PreAnalytiX, Valencia, CA) and isolated RNA
using PAXgene RNA blood extraction kits, according to the manufacturers’ protocol.
Portions of the nasal airway epithelial whole transcriptome data were published in a
previous manuscript (Tarailo-Graovac & Chen, 2009).

Ribo-Zero RNA-Seq samples (n=49). During bronchoscopy airway epithelial brushings,

rd_gth generation bronchi. RNA was extracted from the

samples were obtained from 3
epithelial brushing samples using the Qiagen RNeasy mini-kit (Qiagen, Valencia, CA),

according to manufacturer’s protocol.

Whole Transcriptome Sequencing

Poly(A) selected RNA-Seq samples (n=38). We constructed Poly-A RNA-seq libraries using
500 ng of blood and nasal airway epithelial total RNA from 9 atopic asthmatics and 10 non-
atopic controls. Libraries were constructed and barcoded with the [llumina TruSeg RNA
Sample Preparation v2 protocol. Barcoded nasal airway RNA-seq libraries from each of the

19 subjects were pooled and sequenced as 2 x 100bp paired-end reads across two flow
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453

454

455
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459

460

cells of an Illlumina HiSeq 2000. Barcoded blood RNA-seq libraries from each of the 19
subjects were pooled and sequenced as 2 x 100bp paired end reads across 4 lanes of an
[llumina Hiseq 2000 flow cell.

Ribo-Zero RNA-Seq samples (n=49). We used 100ng of isolated RNA from a total of 61
samples to construct ribo-depleted RNA-seq libraries using the TruSeq Stranded Total RNA
with Ribo-Zero Human/Mouse/Rat library preparation kit, per manufacturer’s protocol.
Barcoded bronchial epithelial RNA-seq libraries were multiplexed and sequenced as 2 x
100bp paired end reads on an Illumina HiSeqg 2500. On average, 37 million reads were
generated per sample. We excluded 12 samples from further analyses due to high
ribosomal RNA read counts (library preparation failure), leaving a total of 49 samples

suitable for further analyses.

GTEx RNA-Seq data

We used RNA-Sequencing data from Genotype-Tissue Expression study (GTEx Consortium
v.6) corresponding to 8,555 samples collected from 544 individuals from 53 tissues
obtained from Genotype-Tissue Expression study (GTEx v6). RNA-Seq data is from Illumina
HiSeq sequencing of 75 bp paired-end reads. The data was derived from 38 solid organ
tissues, 11 brain subregions, whole blood, and three cell lines of postmortem donors. The
collected samples are from adults matched for age across males and females. We
downloaded the mapped and unmapped reads in BAM format from dbGap

(http://www.ncbi.nlm.nih.gov/gap).
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SRA RNA-Seq data

Samples (n=2000) were randomly selected using SQlite database from R/Bioconductor

package SRAdb (https://bioconductor.org/packages/release/bioc/html/SRAdb.html). We

have used a script from
https://github.com/nellore/runs/blob/master/sra/define_and_get fields SRA.R to select
run_accessions from the sra table with platform = "ILLUMINA’, library_strategy = 'RNA-

Seq’, and taxon_id = 9606 (human).

Workflow to categorize the mapped reads

Map reads onto human genome and transcriptome

We mapped reads onto the human transcriptome (Ensembl GRCh37) and genome
reference (Ensembl hg19) using tophat2 (v 2.0.13) with the default parameters. Tophat2
was supplied with a set of known transcripts (as a GTF formatted file, Ensembl GRCh37)

using —G option. The mapped reads of each sample are stored in a binary format (.bam).

Categorize mapped reads into genomic categories

ROP categorizes the reads into genomic categories based on the compatibility of each read
from the pair with the features defined by Ensembl (GRCh37) gene annotations. First, we
determined CDS, UTR3, UTR5 coordinates. We downloaded annotations for CDS, UTR3,

UTR5 from UCSC Genome Browser (http://genome.ucsc.edu/cgi-bin/hgTables) in BED
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503

(browser extensible data) format. Next, we used gene annotations (a GTF formatted file,
Ensembl GRCh37) to determine intron coordinates and inter-genic regions. We defined
two types of inter-genic regions: ‘(proximate) inter-genic’ region (1Kb from the gene

boundaries) and ‘deep inter-genic’ (beyond a proximity of 1Kb from the gene boundaries).

Next, we checked the compatibility of the mapped reads with the defined genomic

features, as follows:

a. Read mapped to multiple locations on the reference genome is categorized
as a multi-mapped read.

b. Read fully contained within the CDS, intron, UTR3, or UTR5 boundaries of a
least one transcript is classified as a CDS, intronic, UTR3, or UTRS,
respectively.

c. Read simultaneously overlapping UTR3 and UTR5 regions is classified as a
UTR read.

d. Read spanning exon-exon boundary is defined as a junction read.

e. Read mapped outside of gene boundaries and within a proximity of 1Kb is
defined as a (proximal) inter-genic read.

f. Read mapped outside of gene boundaries and beyond the proximity of 1Kb
is defined as a deep inter-genic read.

g. Read mapped to mitochondrial DNA (MT tag in hgl9) is classified as a

mitochondrial read.
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h. Reads from a pair mapped to different chromosomes are classified as a
fusion read.
Scripts to categorize mapped reads into genomic categories are distributed with ROP

protocol.

Categorize mapped reads overlapping repeat instances

Mapped reads were categorized based on the overlap with the repeat instances defined
by RepeatMasker annotation (Repeatmasker v3.3, Repeat Library 20120124).
RepeatMasker masks the repeats using the RepBase library:

(http://www.girinst.org/repbase/update/index.html), ~ which  contains  prototypic

sequences representing repetitive DNA from different eukaryotic species. We use GTF files
generated from the RepeatMasker annotations by Jin, Ying, et al. (Jin et al., 2015) and
downloaded from:

http://labshare.cshl.edu/shares/mhammelllab/www-

data/TEToolkit/TE GTF/hgl9 rmsk TE.gtf.gz

Following Melé, Marta, et al. (Melé et al., 2015), repeat elements overlapping CDS regions
are excluded from the analysis. We filtered out 6,873 repeat elements overlapping CDS
regions. Prepared repeat annotations (bed formatted file) are available at

https://drive.google.com/file/d/0Bx1fyWeQo3cORi1TUNWhxOW9kYUk/view?pref=2&pli=

1
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526  The prepared repeat annotations contain 8 Classes and 43 Families. Number of elements

527  per family and class represented below (Supplemental Methods Table SM1):

528
classID N
DNA 458223
LINE 1478382
LTR 707384
RC 2226
SVA 3582
RNA 717
Satellite 8950
SINE 1765403
529

530  Supplemental Methods Table SM1. Number of repeat elements per class. Repeat instances
531 are defined by RepeatMasker (RepeatMasker v3.3, Repeat Library 20120124) based on
532  RepBase library. RepBase library contains prototypic sequences representing repetitive

533  DNA from different eukaryotic species.

534
familylD n
acro 44
Alu 1173282
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CR1 60577

DNA 4609

ERV 579

ERVK 10446

ERVL-MalLR 343266

hAT 15418

hAT-Charlie 251618

Helitron 2226

L2 461296

Merlin 55

MuDR 1978
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535

536

537

538

PiggyBac 2352

RTE 17617

Satellite 6247

SVA_A 257

SVA_C 279

SVA_E 232

TcMar 5354

TcMar-Tc2 8098

telo 387

based on RepBase library.

Supplemental Methods Table SM2. Number of repeat elements per family. Repeat

instances are defined by RepeatMasker (RepeatMasker v3.3, Repeat Library 20120124)
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560

We determined the coordinates of repeat elements (c/ass_id and family_id attributes from
the GTF file) from the repeat annotations. Next, we checked the compatibility of the
mapped reads with the repeat instances. We disregarded the pairing information for the
unmapped reads and count each end as a separate read. Reads entirely mapped to the
corresponding repeat instance are counted. Scripts to categorize mapped reads based on

the overlap with the repeat instances are distribuited with ROP protocol.

Categorize mapped reads overlapping B cell receptor (BCR) and T cell receptor (TCR) loci

We used the gene annotations (Ensembl GRCh37) to extract BCR and TCR genes. We
extracted gene annotations of the ‘constant’ (labeled as IG_C _gene, Ensembl GRCh37),
‘variable’ (labeled as IG_V _gene, Ensembl GRCh37), ‘diversity’ (labeled as IG_D gene,
Ensembl GRCh37), and ‘joining’ genes (labeled as IG_J gene, Ensembl GRCh37) of BCR and
TCR loci. We excluded the BCR and TCR pseudogenes (labeled as IG_C_pseudogene,
IG_V_pseudogene, IG_D_pseudogene, IG_J pseudogene, TR_C_pseudogene,
TR_V_pseudogene, TR_D pseudogene, and TR_J pseudogene). In addition, we excluded
the patch contigs HG1592 PATCH and HG7 PATCH, as they are not part of the Ensembl
hgl9 reference, and reads are not mapped on the patch contigs by high throughput
aligners. After following the filtering steps described above, we extracted a total of 386
immune genes: 207 BCR genes and 179 TCR genes. The gene annotations for antibody
genes (GTF formatted file) are available at

https://drive.google.com/file/d/0Bx1fyWeQo3cObFZNT3kyQIZUS1E/view?pref=2&pli=1
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570

The number of VDJ genes per locus is reported in the Table 3.

C domain V domain D domain J domain
IGH locus 8 55 38 6
IGK locus 1 46 - 5
IGL locus 4 37 - 7
TCRA locus 1 46 - 57
TCRB locus 1 39 0 8
TRG locus 2 9 - 5
TRD locus 1 3 11 4

Supplemental Methods Table SM3. The number of VDJ genes for each antibody chains.

Antibody genes were extracted from the gene annotations (Ensembl GRCh37).

The list of the genes encoding the C region of the BCR and TCR chains is presented in

Supplemental Methods Table SM4.

Name of the chain Genes encoding for the C region of the chain

IG@ locus

a heavy IG chain IGHA1, IGHA2
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572

573

574

575

576

577

578

579

580

581

6 heavy IG chain IGHD
y heavy IG chain IGHG1, IGHG2, IGHG3, IGHG4
€ heavy IG chain IGHE
K heavy IG chain IGHM
k light IG chain IGKC

A light 1G chain IGLC1, IGLC2, IGLC3, IGLCY

TCR@ locus

a TCR chain TRAC
B TCR chain TRBC2
v TCR chain TRGC1, TRGC2

6 TCR chain TRDC

Supplemental Methods Table SM4. List of the genes encoding the C region of the BCR and

TCR chains. Genes were extracted from the gene annotations (Ensembl GRCh37).

The number of reads mapping to each C-V-D-J genes was obtained by counting the number
of sequencing reads that align, with high confidence, to each of the genes (HTSeq v0.6.1)
(Anders et al., 2014). Script “htseg-count” is supplied with the gene annotations for BCR
and TCR genes (genes_Ensembl_GRCh37_BCR_TCR.gtf) and a bam file. The bam file
contains reads mapped to the human genome and transcriptome using tophat2 (See
Section “Map reads onto human genome and transcriptome” for details). The script

generates individual gene counts by examining the read compatibility with BCR and TCR

53



582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

genes. We chose a conservative setting (--mode=intersection-strict) to handle reads
overlapping more than one feature. Thus, a read overlapping several genes simultaneously

is marked as a read with no feature and is excluded from the consideration.

Workflow for categorizing the unmapped reads

We first converted the unmapped reads saved by tophat2 from a BAM file into a FASTQ
file (using bamtools). The FASTQ file of unmapped contain full read pairs (both ends of a
read pair were unmapped) and discordant read pairs (one read end was mapped while the
other end was unmapped). We disregarded the pairing information of the unmapped reads

and categorize unmapped reads using the following steps:

A. Quality Control
Low quality reads, defined as reads that have quality lower than 30 in at least 75% of their
base pairs, were identified by FASTX (v 0.0.13). Low complexity reads, defined as reads
with sequences of consecutive repetitive nucleotides, are identified by SEQCLEAN. As a
part of the quality control, we also excluded unmapped reads mapped onto the rRNA
repeat sequence (HSU13369 Human ribosomal DNA complete repeating unit) (BLAST+
2.2.30). We prepared the index from rRNA repeat sequence using makeblastdb and
makembindex from BLAST+. We used the following command for makeblastdb:

» makeblastdb -parse_seqids -dbtype nucl -in <fasta file>.
We used the following command for makembindex:

» makembindex -input <fasta file> -output <index> -iformat blastdb
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618

619

620

621

622

623

624

625

B. Mapping unmapped reads onto the human references.
We remapped the unmapped reads to the human reference sequences using Megablast
(BLAST+ 2.2.30). We mapped reads onto the following references:

* Reference transcriptome (known transcripts), Ensembl GRCh37

* Reference genome, hgl9 Ensembl
We prepared the index from each reference sequence using makeblastdb and
makembindex. We mapped the reads separately onto each reference in the order listed
above. Reads mapped to the reference genome and transcriptome were merged into a
‘lost human reads’ category. The following options were used to map the reads using
Megablast: for each reference: task = megablast, use index = true, perc_identity = 90,

outfmt = 6, max_target_segs =1, e-value = 1e™®.

C. Identification of hyper-edited reads
We have used hyper-editing pipeline (HE-pipeline

http://levanonlab.ls.biu.ac.il/resources/zip), which is capable of identifying hyper-edited

reads. When running HE-pipeline, additional changes can be made to parallelize the scripts
for use with UCLA's Hoffman2 cluster. Before proceeding, follow the instructions in
the README that is included with the scripts to prepare the reference and provide the
necessary third-party tools. Ensure that the output directory is set correctly
in config_file.sh (it is acceptable to use a single output directory), and check that the list of

input files has been prepared correctly.
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Details on how to run HE-pipeline are available here:

https://github.com/smangull/rop/wiki/How-to-run-hyper-editing-pipeline

D. Mapping unmapped reads onto the repeat sequences
We filtered out the reads that failed QC and lost human reads. The remaining reads were
mapped to the reference repeat sequences. The reference repeat sequences were

downloaded from Repbase v20.07 (http://www.girinst.org/repbase/). Human repeat

elements (humrep.ref and humsub.ref) were merged into a single reference. We prepared
the index from the merged repeat reference using makeblastdb and makembindex from
BLAST+. In total, we obtained sequences for 1,117 repeat elements. The following options
were used to map the reads using the Megablast: task = megablast, use_index = true,
perc_identity = 90, outfmt = 6, max_target_seqgs = 1, e-value = 1e®. Blast hits with
alignment length shorter than 80% of the read length were discarded (corresponding to

80bp of the 100bp read).

The repeat elements from humrep.ref and humsub.ref were classified into families and
classes using RepeatMasker annotations (hgl9 rmsk TE prepared noCDS.bed).
Repetitive reads identified from the unmapped reads were confirmed by directly applying

Repeatmasker (Tarailo-Graovac & Chen, 2009).
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E. Workflow to detect ‘non-co-linear’ reads (trans-splicing, gene fusions, and circRNAs)

We divide non-co-linear reads into three categories:

1) gene fusion characterized by reads that map on different chromosomes

2) trans-splicing events characterized by reads that map on the same chromosome,
but are at least 1 Mb apart from each other

3) circRNAs characterized by reads that map in a head-to-tail configuration on the

same chromosome

To distinguish between these three categories, we make use of circExplorer2 (Zhang et al.,
2016), which was recently identified as one of the best tools to detect circRNAs (Hansen
et al., 2015). CircExplorer2 relies on Tophat-Fusion and thus allows also the monitoring
NCL events in the same run. TopHat-Fusion (v2.0.13, bowtiel v0.12.9) and circExplorer2

(v2.2.4) were invoked with the following commands:

S tophat2 -o tophat-output-directory -p 4 --fusion-search --keep-fasta-order --bowtiel --

no-coverage-search bowtiel-index fastg-file

S python CIRCexplorer2 parse -t TopHat-Fusion -o circrna-output-folder tophat-output-

directory/accepted_hits.bam
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S python CIRCexplorer2 annotate -r ensemble-reference.txt -g genome.fa circrna-output-

folder

To separate potential gene and trans-fusions from the TopHat-Fusion output, we ran a

ruby custom script, which is part of the ROP pipeline.

F. Mapping unmapped reads onto the V(D)) recombinations of B and T cell receptors
Gene segments of B cell receptors (BCR) and T cell receptors (TCR) were imported from
IMGT (International ImMunoGeneTics information system):

(http://www.imgt.org/vquest/refsegh.html#V-D-J-C-sets).

IMGT database contains:

* Variable (V) gene segments

* Diversity (D) gene segments

* Joining (J) gene segments
Unmapped reads categorized by step (A)-(D) were filtered out. We used IgBLAST (v. 1.4.0)
with stringent e-value threshold (e-value < 10°°) to map the remaining high-quality
unmapped reads onto the V(D)J regions of the of the BCR and TCR loci. Reference files
with BCR and TCR VDJ gene segments are distributed with ROP protocol and available at

https://drive.google.com/folderview?id=0Bx1fyWeQo3cOTkhKdHFDb3c5MjA&usp=shari
ng

The complete list of the references is presented in Supplemental Methods Table SM5.

Name of the reference file Description of the gene
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690

V genes of BCR heavy chain
D genes of BCR heavy chain

J genes of BCR heavy chain

V genes of BCR lambda chain
J genes of BCR lambda chain
V genes of BCR kappa chain

J genes of BCR kappa chain

V genes of TCR alpha chain
J genes of TCR alpha chain
V genes of TCR beta chain
D genes of TCR beta chain
J genes of TCR beta chain
V genes of TCR gamma chain
J genes of TCR gamma chain
V genes of TCR delta chain

D genes of TCR delta chain

J genes of TCR delta chain
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691  Supplemental Methods Table SM5. List of the references files prepare for V-D-J from BCR
692  and TCR loci.

693

694 We prepared the index from each reference sequence using makeblastdb and
695 makembindex from BLAST+. The following options were used to map the reads using
696  IgBLAST: -germline_db_V; germline_db_D; -germline_db_J; -organism=human; -outfmt =
697  7;—evalue = 1e-20.

698

699  The number of genes and gene alleles per antibody locus is presented in Supplemental

700 Methods Table SM6.

701
V domain D domain J domain

IGH locus 136(370) 27(34) 9(16)
IGK locus 100(124) - 5(9)
IGL locus 70(111) = 7(10)
TCRA locus 54(112) - 61(68)
TCRB locus 77(160) 2(3) 14(16)
TRG locus 14(26) - 5(6)
TRD locus 8(22) 0(0) 1(4)

702

703  Supplemental Methods Table SM6. The number of V-D-J genes and gene alleles per

704  antibody locus. Number of genes is presented in bold and number of gene alleles is
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presented in parenthesis. Gene and gene alleles of B cell receptors (BCR/IG) and T cell

receptors (TCR) were imported from IMGT.

We assessed combinatorial diversity of the antibody repertoire by looking at the
recombinations of the VJ gene segments of BCR and TCR loci. We extracted the reads

spanning the V-J gene boundaries.

G. Identification of microbial reads
Unmapped reads mapping in step (A -(E) were filtered out. The remaining reads were high-
quality non-human reads used to profile the taxonomic composition of the microbial
communities. We used MetaPhlAn2 (Metagenomic Phylogenetic Analysis, v 2.0) to assign
reads on microbial genes and to obtain a taxonomic profile. The database of the microbial
marker genes is provided by MetaPhlAn. We run MetaPhlAn in two stages as follow: the
first stage identifies the candidate microbial reads (i.e. reads hitting a marker), while the
second stage profiles metagenomes in terms of relative abundances —the commands used
are as follow:

» metaphlan.py <fastg> <map> --input_type multifastg --bowtie2db

bowtie2db/mpa -t reads_map --nproc 8 --bowtie2out

» metaphlan.py --input_type blastout <bowtie2out.txt> -t rel_ab <tsv>

The output of the first stage is a file containing a list of candidate microbial reads with the

microbial taxa assigned (.map file). The second stage outputs the taxonomic profile (taxa
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detected and its relative abundance, in tab separated format (.tsv file). We used taxa
detected from stage 2 to extract the reads associated with it in stage 1.

In addition to MetaPhlAn2 we used to create the curated database of taxa-specific genes,
we mapped the reads onto the entire reference genomes of microbial organisms. We used
Megablast (BLAST+ 2.2.30) to align reads onto the collection of bacterial, viral, and
eukaryotic pathogens reference genomes. Bacterial and viral genomes were downloaded

from NCBI ftp://ftp.ncbi.nih.gov/ on February 1, 2015. Genomes of eukaryotic pathogens

were downloaded from  EuPathDB database, which is available at:

http://eupathdb.org/eupathdb/.

The following parameters were used for the megablast alignment: e-value = 107,
perc_identity = 90. The Megablast hits shorter than 80% of the input read sequence were

removed (corresponding to 80bp of the 100bp read).

Comparing diversity across groups

First, we sub-sampled unmapped reads to the number of reads corresponding to a sample
with the smallest number of unmapped reads. Diversity within a sample was assessed
using the richness and alpha diversity indices. Richness was defined as a total number of
distinct events in a sample. We used Shannon Index (Sl), incorporating richness and

evenness components, to compute alpha diversity, which is calculated as follows:

S = = ) (pxlog,))
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We used beta diversity (Sgrensen—Dice index) to measure compositional similarities

between the samples in terms of gain or loss in the events. We calculated the beta

diversity for each combination of the samples, and we produced a matrix of all pairwise
2]

sample dissimilarities. The Sgrensen—Dice beta diversity index is measured as 1 Y

where J is the number of shared events, while A and B are the total number of events for

each sample, respectively.

Percentage of unmapped reads calculation

We calculated the percentage of unmapped reads using the following formula:

P _ (Nud + (Nucxz))
HImAPPEL T (Npota1X2)

where,

Nug— number of discordant unmapped reads (one end is mapped, while the other end is
unmapped);

Nuc— number of unmapped read pairs (both ends are unmapped);

Niotal — total number of read pairs (fragments).

The robustness of the ROP results against changing the thresholds for each of the ROP

steps

We have performed the robustness analysis to investigate the impact of the thresholds

used in each step of the ROP approach. For each ROP step, we have reported number of
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Supplemental Methods Figure SM1. Percentage of reads identified under different
threshold values. Results are presented as cumulative frequency plots for each step of ROP.
ROP threshold is highlighted with red line.

The percentages are the averages across 87 samples. (a) Step 2 (Remap to human
references). Cumulative frequency plot reporting the percentage of lost human reads
averaged across all samples (y-axis) identified under different threshold (edit distance) (x-
axis). Edit distance was calculated as the minimum number of operations required to
transform a read sequence into the corresponding reference subsequence. Reads are
grouped by edit distance with the transcriptome or the genome reference. (b) Step 3 (Map
to repeat sequences). Cumulative frequency plot reporting the percentage of lost repeat
reads (y-axis) identified under different threshold averaged across (percentage identity) (x-
axis). (c) Step 4 (NCI RNA profiling). Cumulative frequency plot of the percentage of NCL

reads averaged across all samples (y-axis) identified under different thresholds (number of
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reads supporting NCL event) (x-axis). Results are reported separately for circRNAs, gene
fusions and trans-splicing events. (d) Step 5 (B and T cell receptors profiling). Cumulative
frequency plot reporting the percentage of immune reads averaged across all samples (y-
axis) identified under different threshold (e-value) (x-axis). (e) Step 6 (Microbiome
profiling). Cumulative frequency plot reporting the percentage of microbial reads averaged
across all samples (y-axis) identified under different threshold (percentage identity) (x-

axis). Results are reported separately for viral, bacterial and eukaryotic reads.

The impact of ROP step ordering on the read classification

We have investigated the effect of the ordering on read classification. Ordering of ROP
steps will have an effect only when references of each step share homologous sequences.
For each ROP step, we have swapped its order with another ROP step. For example, we
considered swapping ‘Remapping to human references’ reads and ‘QC’ steps. Before
swapping, ‘Remapping to human references’ was number 2 in the queue. After swapping,

it became number 1.

We observed a major effect of swapping ‘Remapping to human references’ with all other
steps. For example, swapping ‘Remapping to human references’ and ‘QC’ steps results in
classifying 79.6% of rRNA reads as lost human reads. Similarly, swapping ‘Remapping to
human references’ and ‘Microbiome profiling” steps results in classifying 0.2% of the lost

human reads as microbiome reads. In other words, this swap produces a 27.8% increase
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of microbiome reads. Similarly, considering ‘B and T lymphocytes profiling’ prior to
‘Remapping to human references’ produces a 50.8% increase of identified immune reads.
Considering partial mapping of BCR and TCR reads prior to the ‘Remapping to human
references’ step may produce many false positives. Swapping other steps of ROP resulted

in minor effects (i.e. <1% of reads from each category were effected).

The impact of mapping parameters and RNA-Seq aligners on the number of unmapped

reads

Five samples were randomly selected among each library preparation protocol. In total,
we obtained ten samples for the mapping rate comparison. All selected samples were
aligned to the human genome (hgl19) using two tools, Tophat2 and STAR, and three
different sensitivities for each tool — default, sensitive setting, and very sensitive setting —
as noted below in Supplemental Table S5. The average runtime for Tophat per million reads
was 2.5 hours; STAR, 0.13 hours; and Novoalign, 9.1 hours. Novoalign was not considered
in the analysis due to its substantially longer running time that made it infeasible for the
protocol.

The mapping rate for each tool and each setting is shown in Supplemental Table S6. The
mapping rate was significantly higher in Tophat when compared with STAR and using the
default option for each tool (p < 0.03). However, there is no significant difference in

mapping rate when comparing different mapping settings (p > 0.92 under two-tailed t-
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tests for Tophat, p > 0.86 for STAR).

Complexity analysis using Capture Recapture Model

Given a sequencing experiment, the Read Origin Protocol (ROP) attempts to classify every
sequenced read in the experiment to an “origin” class. These origins can be considered to
be features of interest (e.g. exons, retroviral, immune, or bacterial). Since every read is
assigned to only one class, we can consider the reads assigned to a specific class to be a
random sample from the population of possibilities within that class. This leads us to
consider statistical models for population sampling, which are known as “capture-
recapture” models (Bunge & Fitzpatrick, 1993).

Using capture-recapture models allows us to make statistical inferences on several
guantities of interest. Of primary interest is the total number of possibilities in the feature.
We shall refer to this as the feature size but is commonly known in the statistics literature
as species richness (Bunge & Fitzpatrick, 1993; Deng, Daley, & Smith, n.d.). We also
consider the number of identified possibilities within a feature as a function of the number
of reads. We call this the complexity of the feature, in line with the notation of Daley and
Smith (T. Daley & Smith, 2013). The rate of change in the complexity curve is proportional
to the probability the next read in a previously unobserved class (T. P. Daley, 2014). This

guantity is commonly known in statistics literature as the mathematical coverage (Good,
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1953), but to avoid confusion with sequencing coverage, we call this the discovery
probability (Favaro, Lijoi, & Priinster, 2012). One minus the discovery probability will be

called the saturation of the feature.

Statistical Model

Suppose we sequence N reads from an experiment. There are C feature classes,
represented in the sequencing library with proportions Ty, ..., . Features may overlap,
so it is not necessary that the proportions sum to one. The features are all known and
defined beforehand. This trait is in contrast to the number of classes within each feature.
Within each feature c, there are a fixed but unknown number of classes; Sc represented in

the experiment. Within the feature, these are represented with relative proportions

Sc
P1, ---rpsC:Z bi = 1
i=1

If we are interested in the relative proportions within the experiment, we multiply the
relative proportion within the feature by the relative abundance of the feature within the
experiment.

The problem is that we only have information on the classes that were sequenced in the
experiment. We observed D, < S classes with observed frequencies x; = # reads from
class i with Y225, x; = Ng and X6, N, = N.

The problem of estimating the complexity is to estimate the number of expected distinct
classes observed as a function of reads sequenced. We use the non-parametric empirical
Bayesian? approach of Daley and Smith (T. Daley & Smith, 2013) to estimate the feature

complexity curve. The limit of the feature complexity curve can be regarded as an estimate
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of the feature size (Colwell & Coddington, 1994).
The discovery probability of the observed experiment is the sum of the relative proportions

of the unobserved classes,

Sc
Z pil(x; =0).
i=1

The non-parametric empirical Bayes estimator for this quantity is given by the Good Turing

Se¢ 1(xi=1))

formula, (X;2, —
Cc

Read Complexity Analysis

We first examine the read complexity as determined by the mapped start position of the
first end in the read pair. We observe little difference between the two libraries for the
single end complexity (Supplemental Methods Figure SM3). We observe only an average
of 20% and 29% of the mappable reads at the sequenced read depth. We estimate that all
libraries are an average of 58% saturated; that is, we observed 58% of the abundance. This

is natural since one would naturally sequence the most abundant reads first.
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Supplemental Methods Figure SM3. Single end read complexity medians and interquartile

ranges across the two library preparations.

Annotated Feature Complexity Analysis

The mapped reads can be assigned to features within the genome. These include exons,
introns, coding sequences (CDS), and untranslated regions (UTR). In this section we shall

investigate the complexity of these features, which can be interpreted as estimating the
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transcriptional diversity within these libraries.

As expected, more exons, CDSs, and UTRs were observed per sequenced fragment for the
polyA libraries than for the totalRNA libraries. Yet all libraries are very saturated. Most of
the abundant classes within these features have already been observed, and the
unobserved features are extremely rare. This is in line with the common practice of

sequencing a few tens of millions of reads for inferring differential expression.

To compare the saturation across libraries, we extrapolated the saturation to a common
value. The saturation is asymptotically normal (Mao, 2004), and the sequencing depth is
sufficiently high that we can use a standard t-test to investigate differences. The polyA
libraries are more saturated when all the features for all libraries are extrapolated out to
100 million observations (exons: p = 3.764E-16; CDS: p = 1.036E-14; UTR: p = 5.183E-14;
more significant differences were observed at lower depths, indicating that the differences

are not artifacts of the sampling depth).

Despite the large saturation for all features across libraries, a multitude of unobserved
classes remain (Supplemental Methods Table SM7). This means that most of the
unobserved classes are exceedingly rare. For example, we estimate that there are an
average of 41,990 unobserved exons in the polyA libraries. There is an average remaining

abundance of 1 —0.9988 = 0.0012, implying that the average abundance of the

0.0012
41990

unobserved exons is = 2.86 E — 8.Since, on average, aread has 2-0.176 = 0.352

probability of overlapping an exon, the average abundance of the unobserved exons is 1E-
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8 and the total abundance, 0.00042, gives the marginal probability that the next sequenced

read is a new exon. For the totalRNA libraries, the average abundance of the unobserved

exons is 3.2E-8. Similarly, we calculated the average abundance of the unobserved CDS for

polyA and totalRNA libraries as 1.84E-8 and 7.78E-8, respectively, and for UTRs it was 1.1E-

8 and 6.48E-8.

Mean estimated

Mean hits Mean observed Mean saturation
total
e totalRN totalRN totalRN totalRN
polyA polyA polyA polyA
A A A A
10310521 110553 0.9969 145950
Exons 1771336 | 574543 | 11550 15749
107498 | 0.9988 | 0.9956 138829
2 6 7 7
4791394 105820 0.984 131521
CDS 231688 | 11606 14406
8804113 99500 0.9977 | 0.9756 123788
4 8 2
4359596 33165 0.9948 43136
UTR 209304 0.9991 | 0.9920
8035082 37448 | 30524 49849 | 38997
7 3 9

Supplemental Methods Table SM7. Mean number of observations, distinct observed

classes, observed saturation, and estimated total number of classes for exons, CDS, and
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UTR Features.

Finally, we examined differences of diversity between case and controls for a fixed tissue
type and library type. The results are quite anticlimactic, as we found little differences
between cases and controls for extrapolated saturation and feature diversity. This
indicates that there are little differences in transcriptome diversity between the two
groups of case and controls. Alternateively, it may indicate that the differences between
the two groups are so small that a much larger cohort is required to accurately infer the

disparity.

Genomic profiles across library preparation protocols

Similar to Li, S. et al we observed that library preparation has a strong effect on the fraction
of both mapped and lost human reads mapping to CDS and intronic regions. Genomic
profile of mapped and unmapped reads across library preparation protocols is presented

in Supplemental Methods Figure SM4.

75



946

947

948

949

950

951

952

953

954

955

956

957

A. poly(A) enrichment (n=38) B. Ribo-depletion (n=49)

. deep . fussion multi-mapped
2. .lntgrf;nlc 0.3% 7% fussion multi-mapped
intergenic_ 0.
® 1; (] MT 4% ) deep 1% MT 2% Junctions
o \ Junctions intergenic 2% 12%
c introns 31% 4% CDS
g 6% UTR inte;genic
2 6% ’
T
g UTRS o
()

& o 14%
S introns UT:{S

22% o 48% u 3%

2%
deep intergenic . d i i i
: . Junctions eep intergenic Junctions
intergenic 4% 17% 6% ‘ DS r3
13%
" ° intergenic —~— /10%
'g 18%
()
S
c
E introns cDS
E] 19% 20%
<
L o4
w
o
o
UTRS UTR3
5% 17% introns

51%

Supplemental Methods Figure SM4. Genomic profile of mapped and lost human reads
across poly(A) enrichment and ribo-depletion libraries.

(A) RNA-Seq samples were prepared by poly(A) enrichment protocol (n=38). (B) RNA-Seq
samples were prepared by ribo-depletion protocol (n=49). Mapped human reads are
identified as RNA-Seq reads that mapped to the human reference genome and
transcriptome (ENSEMBL hg19 build, ENSEMBL GRCh37 transcripome) via tophat2. Lost
human reads are unmapped RNA-Seq reads that aligned to the human reference genome
and transcriptome (ENSEMBL hgl19 build, ENSEMBL GRCh37 transcripome) via more
sensitive Megablast alignment. Single alignment is reported for each read by Megablast.

ROP categorizes the reads into genomic categories based on the compatibility of each read
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from the pair with the features defined by the Ensembl gene annotations. Percentages are
calculated as a fraction of reads from a category from the total number of mapped or lost
human reads. Junction read is defined as a read spanning exon-exon boundary; CDS, UTR3,
UTR5: reads overlapping CDS, UTR3 or UTR5 region;, UTR: reads simultaneously
overlapping UTR3 and UTR5 regions; intronic: reads overlapping intronic regions;
intergenic: reads mapped within the proximity of 1Kb from the gene boundaries; deep
intergenic: reads mapped beyond the proximity of 1Kb from the gene boundaries; MT:
mitochondrial reads; multi-mapped: reads mapped to multiple locations of the human

genome; fusion: reads from the read pair mapped to different chromosomes.
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Genomic profile across tissue types and library preparation methods in S1. Genomic Profile

is obtained based on both mapped and lost human RNA-Seq reads.

A. Genomic profile obtained based on mapped RNA-Seq reads. Mapped human reads are identified as the RNA-Seq reads
mapped to the reference genome and transcriptome (ENSEMBL hg19 build, ENSEMBL GRCh37 transcripome) via tophat2.

Tissue Whole blood Nasal epithelium Lung epithelium
N 19 19 49
Library preparation method poly(A) enrichment poly(A) enrichment ribo-depletion
Splice junction reads, %*, mean (std) 23.3% (3.3%) 29.8% (2.2%) 10.0% (3.3%)
CDS reads %, mean (std) 18.0% (3.1%) 16.9% ( 1.3%) 6.9% (2.0%)
UTR3 reads %, mean (std) 15.6% (3.1%) 22.5% (1.7%) 11.4% (2.5)
UTR5 reads %, mean (std) 3.2% (0.7%) 2.2% (0.3%) 2.6% (0.7%)
UTR** reads %, mean (std) 4.3% (0.8%) 5.9% (0.5%) 1.9% (0.6%)
Intronic reads %, mean (std) 5.6% (1.6%) 4.4% (0.8%) 39.4% (6.5%)
Proximate inter-genic*** reads %, mean (std) 1.2% (0.6%) 1.5% (0.6%) 3.3% (0.4%)
Deep inter-genic reads**** %, mean (std) 0.3% (0.1%) 0.3% (0.1%) 2.8% (0.9%)
Mitochondrial (MT) reads %*, mean (std) 2.3% (1.0%) 4.3% (1.3%) 1.5% (1.8%)
Milti-mapped reads %, mean (std) 10.6% (2.4%) 1.9% (0.2%) 1.9% (0.5%)
Fusion reads %, mean (std) 0.2% (0.1%) 0.4 % (0.1%) 0.7% (0.2%)

B. Genomic profile obtained based on lost human reads. Lost human reads are the unmapped RNA-Seq reads that
aligned to the human reference genome and transcriptome (ENSEMBL hg19 build, ENSEMBL GRCh37 transcripome) via
more sensitive Megablast alignment.

Tissue Whole blood Nasal epithelium Lung epithelium
N 19 19 49
Library preparation method poly(A) enrichment poly(A) enrichment ribo-depletion
Splice junction reads, %*, mean (std) 1.5% (0.5%) 0.7% (0.1%) 0.6% (0.2%)
CDS reads %, mean (std) 1.9% (0.7%) 0.7% (0.1%) 0.7% (0.2%)
UTR3 reads %, mean (std) 1.3% (0.3%) 0.9% (0.1%) 1.1% (0.2%)
UTRS reads %, mean (std) 0.4% (0.1%) 0.2% (0.03%) 0.3% (0.1%)
UTR** reads %, mean (std) 0.4% (0.1%) 0.2% (0.1%) 0.2% (0.1%)
Intronic reads %, mean (std) 1.0% (0.4%) 1.3% (1.1%) 5.9% (3.1%)
Proximate inter-genic*** reads %, mean (std) 0.6% (0.4%) 1.0% (1.1%) 2.1% (2.5%)
Deep inter-genic reads**** %, mean (std) 0.2% (0.1%) 0.3% (0.3%) 0.7% (0.4%)
Mitochondrial (MT) reads %*, mean (std) 0.0% (0.0%) 0.0% (0.0%) 0.0% (0.0%)
Notes :

* percentage from the total number of reads are reported
** reads simultaneously overlapping UTR3 and UTR5 regions
*** mapped with the 1K proximity from gene boundaries
*¥*** mapped further than 1K from the gene boundaries
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Repeat profile across tissues types and library preparation methods.

Repeat profile is based on both

mapped  and

lost

repeat

A. Repeat profile obtained based on mapped RNA-Seq reads. Mapped reads were categorized based on the overlap with

the repeat instances prepared from RepeatMasker annotation (Repeatmasker v3.3, Repeat Library 20120124).

Tissue Whole blood Nasal epitheliur Lung epithelium
N 19 19 49
poly(A) poly(A)

Library preparation method enrichment enrichment ribo-depletion
L1, %*, mean 0.4% 0.5% 5.5%
L2, %, mean 0.2% 0.2% 1.0%
CR1, %, mean 0.02% 0.01% 0.1%
Alu, %, mean 1.0% 1.0% 2.5%
MIR, %, mean 0.1% 0.1% 0.6%
ERVL-MaLR, %, mean 0.2% 0.2% 1.1%
ERV1, %, mean 0.2% 0.2% 0.8%
ERVK, %, mean 0.0% 0.0% 0.1%
ERVL, %, mean 0.1% 0.1% 0.5%
RNA, %, mean 0.0% 0.0% 0.2%
hAT-Charlie, %, mean 0.1% 0.1% 0.4%
TcMar-Tigger, %, mean 0.04% 0.1% 0.5%
Others, %, mean 0.05% 0.1% 0.3%

* Percentage from the total number of reads

B. Repeat profile obtained based on lost repeat reads. Lost human reads are the unmapped RNA-Seq reads that aligned

to human reference genome and transcriptome (ENSEMBL hg19 build, ENSEMBL GRCh37 transcripome) via more

sensitive Megablast alignment.

Tissue Whole blood Nasal epitheliurr Lung epithelium
N 19 19 49
poly(A) poly(A)
Library preparation method enrichment enrichment ribo-depletion
%, mean*
hAT, mean 0.0001% 0.0004% 0.0000%
TcMar-Mariner, mean 0.0001% 0.0005% 0.0001%
TcMar-Tigger, mean 0.0001% 0.0015% 0.0001%
L1, mean 0.0045% 0.1409% 0.0048%
ERVK, mean 0.0002% 0.0026% 0.0001%
ERV, mean 0.0017% 0.0082% 0.0014%
ERV1, mean 0.0025% 0.0106% 0.0016%
ERVL, mean 0.0000% 0.0014% 0.0000%
Satellite, mean 0.0001% 0.0006% 0.0000%
Alu, mean 0.0495% 0.0896% 0.0382%
Deu, mean 0.0001% 0.0024% 0.0001%
Others, mean 0.0051% 0.0072% 0.0025%

*Percentage from the total number of reads

reads.
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A. poly(A) enrichment B. ribo-depletion
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Supplemental Methods Figure SM5.. Percentage of immune reads mapped to B-cell

receptor (BCR) and T-cell receptor (TCR) loci.

(A) RNA-Seq samples were prepared by poly(A) enrichment protocol (whole blood and
nasal epithelium). (B) RNA-Seq samples were prepared by ribo-depletion protocol (lung
epithelium). Immune reads that are entirely mapped to BCR and TCR genes are identified
by tophat2. Immune reads with extensive somatic hyper mutations (SHM) and reads arising
from V(D)J recombination are identified by IgBlast. Blood samples show a larger fraction of
reads mapped to BCR locus, while nasal and lung epithelium samples show a larger fraction
of reads mapped to TCR locus. BCR are composed of heavy (IGH) and light chains. Among

the reads mapped to BCR locus, the number of reads mapped to immunoglobulin heavy

81



990

991

992

993

locus (IGH), immunoglobulin kappa locus (IGK), and immunoglobulin lambda locus (IGL) is

determined. Among the reads mapped to TCR locus, the number of reads mapped to T cell

receptor alpha locus (TCRA), T cell receptor beta locus (TCRB), T cell receptor gamma locus

(TCRG), and T cell receptor delta locus (TCRD) is determined.
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Supplemental Methods Figure SM6.. Percentage of immune reads mapped to genes

encoding the constant region of immunoglobulin heavy locus (IGH).

(A) RNA-Seq samples were prepared by poly(A) enrichment protocol (whole blood and
nasal epithelium). (B) RNA-Seq samples were prepared by ribo-depletion protocol (lung
epithelium). Immune reads that are entirely mapped to IGHA (Immunoglobulin Heavy
Constant Alpha), IGHD (Immunoglobulin Heavy Constant Delta), IGHG (Immunoglobulin
Heavy Constant Gamma), IGHE (Immunoglobulin Heavy Constant Epsilon), and IGHM

(Immunoglobulin Heavy Constant Mu) are identified by tophat2.
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Number of RNA-Seq reads mapped to BCR and TCR genes (immune reads).

Reads entirely mapped to BCR and TCR genes are identified by Tophat2. Reads with
extensive somatic hyper mutations (SHM) and reads arising from V(D)J recombination are

identified by IgBLAST.

Tissue Whole blood Nasal epithelium Lung epithelium
N 19 19 49
Library preparation method poly(A) enrichment poly(A) enrichment ribo-depletion
Number of immune reads (tophat2), RPM, mean 4805 107 16
Number of immune reads (IgBlast), RPM, mean 270 7 1
Total number of immune reads , RPM, mean 5075 114 17

RPM : reads per million
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List of software tools used:

Tophat2 v.2.0.13 - http://ccb.jhu.edu/software/tophat/index.shtml

STAR v2.5.2b - https://github.com/alexdobin/STAR

Bowtie v.0.12.9 - http://bowtie-bio.sourceforge.net/index.shtml

Bowtie2 v.2.2.9 - http://bowtie-bio.sourceforge.net/bowtie2/index.shtml

Samtools v.0.1.18 - http://www.htslib.org/

Bamtools v.2.3.0 - https://github.com/pezmaster31/bamtools

FASTX-Toolkit v.0.0.13 - http://hannonlab.cshl.edu/fastx_toolkit/

SEQLEAN v(seqgclean-x86_64) - http://sourceforge.net/projects/seqclean/files/

BLAST+ v.2.2.30 - ftp://ftp.nchi.nlm.nih.gov/blast/executables/blast+/LATEST/

IgBlast v.1.4.0- http://www.nchi.nlm.nih.gov/igblast/

TopHat-Fusion v.2.0.13- http://ccb.jhu.edu/software/tophat/fusion index.shtml

circExplorer2 v.2.2.4 - http://circexplorer2.readthedocs.io/

MetaPhlAn2 v.2.0 - http://huttenhower.sph.harvard.edu/metaphlan

HTSeq v.0.6.1 - http://www-huber.embl.de/users/anders/HTSeq/

Preseq v 2.0- http://smithlabresearch.org/software/preseq/

Quicksect v.0.0.2 - https://github.com/brentp/quicksect
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Databases

Ensembl hg19 - http://www.ensembl.org/Homo _sapiens/Info/Index

Human ribosomal DNA complete repeating

http://www.ncbi.nlm.nih.gov/nuccore/U13369

GTF formatted file for repeat

http://labshare.cshl.edu/shares/mhammelllab/www-

data/TEToolkit/TE GTF/hgl9 rmsk TE.gtf.gz

Repeat elements (RepBase20.07) — http://www.girinst.org/repbase/

unit -

annotations-

V(D)J genes of B and T cell receptor - http://www.imgt.org/vquest/refsegh.html#V-D-J-C-

sets

Database of viral genomes: http://ftp.nchi.nim.nih.gov/genomes/Viruses

Database of bacterial genomes: http://ftp.nchi.nlm.nih.gov/genomes/Bacteria/

Database of eukaryotic pathogens - http://eupathdb.org/eupathdb/
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