











Figure 5.2. Overview of the analysis workflow in Scikit-ribo. The complete workflow consists
of Ribosome A-site classifier training, A-site codon prediction and mapping, and translation
efficiency inference. (4) Ribosome A-site training and prediction, gray text boxes denote the
major steps. (B) Illustration of the covariates in the codon level generalized linear model. In the
model, the mRNA abundance (in TPM) are considered as offset with fixed coefficient equal to
one. Codon dwell time and mRNA secondary structure are shared covariates across genes.
Translation efficiencies are gene specific covariates.
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Figure 5.3. Accurate inference of codon elongation rates and mRNA secondary structure.
(A) Almost perfectly reproduced codon dwell time (DT), inverse of elongation rate) from
Weinberg et al (r=0.99). (B) Correlation with the codon’s adaptiveness value (RAV, r=0.5), (C)
Correlation with tRNA abundance (r=0.47). In A-C, the gray dashed line denotes the diagonal
line; y=x. The RAV scales from 0 to 1. A codon with lower RAV means that it is less optimal for
translation elongation, i.e. slower codons. (D) Meta gene analysis of the log ratio of adjusted DT
(ADT), divided by the mean adjusted DT. The solid line denotes the average ADT in a five-
codon sliding window. A log ratio greater than zero means ribosomes at this position are faster
than average. The log ratios on the left were significantly higher than the ones on the right (T-test,
p-value= 5x1073). The unit of the distance is codon.
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Figure 5.4. Pair-wise comparisons of estimates between Scikit-ribo and RPKM-derived TE.
(A) Scatter plot of Scikit-ribo and RPKM derived log2(TE). Difference in
log2(TE): A log2(TE). A log2(TE) > 0.5, previously underestimated (green), A log2(TFE) <
—0.5, previously overestimated (orange), and other genes in between (gray). The genes with
A log2(TE) less than -8 are indicated by triangles. (B) Histograms of scikit-ribo and RPKM-
derived log2(TFE), log2(TE) values less than -10 are adjusted to -10 (C) Histograms of ribosome
TPM in all genes (blue), and region 1 (green). (D) Violin plots of A log2(TFE) by the number
stem loops. (E) Violin plots of tAI for genes in the six regions, left: log2(TFE) < 0, right:
log2(TFE) > 0. (F) The Kozak consensus sequence, AAAATGTCT, found with the TE
estimates from Scikit-ribo (p-value=1x1072'). The lower panel is adapted from the original
paper, Hamilton et al (1987).
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Figure 5.5. Large-scale validation with mass spectrometry data confirmed Scikit-ribo’s
accurate TE estimates, especially for low-abundance genes. (4) Scikit-ribo derived protein
abundance (PA) for all genes in the validation set (r = 0.81, 8 = 0.83). (B) Scikit-ribo derived
PA for genes with TPM less than 100 (r = 0.6, 5 = 0.48). (C) RPKM-derived PA for all genes
in the validation set (r = 0.77, 8 = 0.75). (D) RPKM-derived PA for genes with TPM less than
100 (r = 0.35, 8 = 0.29). The black dashed line denotes the identity line; y=x.
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Figure 5.6. Analysis of the DhhIp data using Scikit-ribo. Violin plots of tAl for genes with
decreased/increased TE in (4) Knock Out (KO), (B) Over Expressed (OE), relative to Wild Type
(WT). Violin plots of tAl for tail genes unique to Scikit-ribo in (C) KO, (D) OE. (E) Violin plot
of tAl for genes, left: reduced TE in OE, and right: increased TE in OE. (F) Scatter plot of DT
comparing OE and WT. WT: wild type, KO: knock out Dhhip, OE: Overexpression of Dhhlip.
The black dashed line denotes the identity line; y=x.
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Supplemental figure 5.S1. RPKM-derived log2(TE) and scikit-ribo log2(TE). (A) Scikit-ribo
reported a balanced log2(TE) distribution (mean=0.1). The red solid line denotes the mean. (B)
The RPKM-derived log2(TE) reported high dispersion among low abundance genes (TPM<1),
while the genes with TPM > 1 still reported a long tail on the negative side. (C) The RPKM-
derived log2(TE) reported a skewed distribution (mean=-0.5). (D) Even increasing the TPM
cutoff to 10, the RPKM-derived log2(TE) still reported a long tail on the negative side.
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Supplemental figure 5.S2. Multi-class ROC curves for A-site prediction. (A) S. cerevisiae
RNase I data. (B) E. coli RelE data. Each curve represents the data with different A-site locations
(12 to 18 in RNase I, 1 to 8 in RelE). The dash line represents the micro-average across classes.
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Supplemental figure 5.S3. Feature importance from the random forest model. (A) S.
cerevisiae RNase I data. (B) E. coli RelE data. 5/3 offet represents whether the 5°/3” end of the
read is in the first/second/third reading frame. Nt _-1/0/n-1/n represents the nucleotide at that
position.
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Supplemental figure 5.S4. Analysis of mRNA abundance in TPM by region. Related to
Figure 5.4; (A) Histograms of mRNA TPM in all genes (blue), and region 1 (green). (B) Violin
plots of TE difference in the three regions, similar to Figure 4.
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Supplemental figure 5.S5. Violin plots of stAl for genes in the six regions. Related to Figure
5.4; left: log2(TE) < 0, right: log2(TE) > 0.
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Supplemental figure 5.S6. Statistically enriched sequences based on Scikit-ribo’s TIE
estimates using HOMER. Related to Figure 5.4; The Homer’s suggested p-value threshold is
1x10710 to 1x10712,
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Supplemental figure 5.S7. Statistically enriched sequences based on RPKM-derived TE
estimates using HOMER. Related to Figure 5.4; The Homer’s suggested p-value threshold is
1x10710 to 1x10712,
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Supplemental figure 5.S8. Higher correlation between scikit-ribo derived PA and SRM
measurement, after considering protein degradation rate. Related to Figure 5.5; The protein
degradation rate was obtained from Christiano et al (r = 0.83).
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Supplemental figure 5.S9. Substantial differences of TE between strains. Related to Figure
5.6; (A-C) based on TE estimates from scikit-ribo, (D-F) based on RPKM-derived TE. WT: wild
type, KO: knock out Dhhip, OE: Overexpression of Dhhlip.
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Supplemental figure 5.S10. Highly reproducible TE estimates between replicates. Related to
Figure 5.6; (A) WT: wild type, 55 million and 16.7 million in replicate 1 and 2 (r=0.87). (B) WT
with TPM greater than (r=0.94). (C) KO: knock out Dhhip (1=0.99), 74 million and 56 million in
replicate 1 and 2. (D) OE: Overexpression of Dhhlp, 80 million and 39 million in replicate 1 and
2 (r=0.96). The correlation was a function of the number of reads in each replicate.
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Supplemental figure 5.S11. High correlation of codon dwell time (DT) between biological
replicates. Related to Figure 5.6; (A) wild-type, range of DT: 2.01, SD: 0.36, (B) KO, range:
3.05, SD: 0.45, (C) OE, range: 1.35, SD: 0.27. WT: wild type, KO: knock out Dhhip, OE:
Overexpression of Dhhlp.

86



A 4 KO VS WT B 4 OE VS WT
- N3] r=o084
() (D)
= =
< ©
(D) (¢D)
o v
O N
Y O
WT Relative DT WT Relative DT
C 4 OE VS KO D OE VS WT
5 (D)
— 5 =-0.63
3] r=o078 am 051P77
0 SN
£ o3
o R
x S
L N o
O 35
(&)
(¢b)
m T T T
0 25 50
KO Relative DT Rank of DT in WT
Fast -> Slow

Supplemental figure 5.S12. Codon dwell time (DT) comparisons between strains. Related to
Figure 5.6; (A) KO versus WT, (B) OE versus WT, (C) OE versus KO. (D) Compare the log
ratio of DT with the original rank of DT in WT. WT: wild type, KO: knock out Dhhip, OE:
Overexpression of Dhhlip.
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Supplemental figure 5.S13. Reproducing Radhakrishnan ef al’s findings on TE changes
and codon optimality. Related to Figure 6; (A-C) are based on tAl, (C-E) are based on stAl.
The category down: Alog2(TFE) < 1, the category up: Alog2(TE) < 1, the category mid: genes
in between. WT: wild type, KO: knock out DhhlIp, OE: Overexpression of Dhhlp.
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Supplemental figure 5.S14. Genes with extreme TE changes that were unique to scikit-ribo.
Related to Figure 5.6; (A-C) are based on tAl, (C-E) are based on stAl. The category down:
Alog2(TE) < 1, the category up: Alog2(TFE) < 1. WT: wild type, KO: knock out Dhhlip, OE:
Overexpression of Dhhlip.
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Supplemental figure 5.S15. The complete workflow of scikit-ribo analysis.
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Supplemental Tables

Study SRR # Mean accuracy SD # Optimal features
S. cerevisiae RNase 1

Weinberg et al (2016) SRR1049521 0.987 0.004 3
Radhakrishnan et al (2016) SRR3493886 0.981 0.008 2
Radhakrishnan et al (2016) SRR3493887 0.929 0.036 2
Radhakrishnan et al (2016) SRR3493890 0.982 0.008 4
Radhakrishnan et al (2016) SRR3493891 0.963 0.022 2
Radhakrishnan et al (2016) SRR3493894 0.941 0.019 7
Radhakrishnan et al (2016) SRR3493895 0.936 0.025 2
Radhakrishnan et al (2016) SRR3493898 0.938 0.03 2
E. coli RelE

Hwang et al (2016) SRR4023280 0.910 0.041 1
Hwang et al (2016) SRR4023281 0.810 0.043 1

Supplemental Table 5.S1. Prediction accuracy of A-site locations. Mean and SD were
computed via 10-fold cross validation. SD: standard deviation.
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Comparison Sign of log2(TE)

1 Under-estimated by RPKM Negative 629 Green
2 Similar Negative 1846 Gray

3 Over-estimated by RPKM Negative 79 Orange
4 Under-estimated by RPKM Positive 268 Green
5 Similar Positive 1305 Gray

6 Over-estimated by RPKM Positive 981 Orange

Supplemental table 5.S2. Interpretation of the pair-wise comparison in Figure 4A. Related
to Figure 5.4; The sign of log(TE) are based on TE of Scikit-ribo. A log2(TE) =

10g2(TE, ;1it—rivo) — L0g2(TE g pgeasr)- For gene with A log2(TE) < —0.5, they were previously
underestimated by RPKM-derived TE, and genes with A log2(TFE) < —0.5 were previously
overestimated, and other genes have similar TE.
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GO Term Accession # p-value # genes

cytoplasmic translation G0:0002181 3x107 49
translational elongation G0O:0006414 1x10™ 59
ribosome assembly G0:0042255 2x10° 19
translation G0O:0006412 3x10° 63
peptide biosynthetic process G0:0043043 4x10° 63

Supplemental Table 5.S3. Gene set enrichment in region 4 genes. Related to Figure 5.4;
There were 268 genes in region 4: 1) positive Scikit-ribo log2(TE), 2) previously under-
estimated by RPKM derived TE. The p-values shown were adjusted with Bonferroni correction.
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CAT 0.60 0.64 0.79 0.19 1.00 0.38 0.08 0.30
CAA 0.64 0.70 0.72 0.55 2.00 0.18 0.12 0.05
ACC 0.68 0.71 0.75 0.49  3.00 0.12 0.06 0.07
AAC 0.69 0.82 0.81 0.62 4.00 0.23 0.25 -0.02
TTA 0.70 0.76 0.90 043  5.00 0.37 0.12 0.25
ATC 0.70 0.86 0.79 0.58  6.00 0.18 0.31 -0.13
AAT 0.73 0.79 0.86 0.27  7.00 0.24 0.11 0.13
ACT 0.75 0.68 0.77 0.68  8.00 0.04 -0.14 0.17
ATT 0.76 0.84 0.83 0.80  9.00 0.13 0.14 -0.01
CAC 0.80 0.73 0.88 0.43  10.00 0.14 -0.12 0.26
TGT 0.80 0.73 1.00 0.11  11.00 0.31 -0.14 0.45
TTT 0.81 0.79 0.90 0.27  12.00 0.16 -0.04 0.20
TTG 0.83 0.79 0.94 0.75  13.00 0.18 -0.06 0.24
TCA 0.84 1.00 0.97 0.19  14.00 0.20 0.25 -0.05
GTT 0.85 0.84 0.79 0.86 15.00 -0.09 0.00 -0.09
TCT 0.85 0.79 0.83 0.68 16.00 -0.03 -0.10 0.07
AAG 0.88 0.93 0.81 1.00  17.00 -0.12 0.09 -0.20
GTC 0.90 0.94 0.82 0.62 18.00 -0.13 0.07 -0.19
AAA 0.90 0.97 0.91 043  19.00 0.02 0.10 -0.08
AGT 0.91 0.93 1.08 0.05  20.00 0.24 0.02 0.22
ATG 0.92 0.91 0.90 0.62 21.00 -0.03 -0.01 -0.02
TCC 0.93 0.90 0.91 0.49  22.00 -0.03 -0.05 0.02
TAT 0.94 1.16 0.95 0.22  23.00 0.01 0.31 -0.30
AGC 0.94 1.04 1.12 0.12  24.00 0.25 0.15 0.11
GAT 0.95 0.86 0.90 043 25.00 -0.08 -0.14 0.06
GCC 0.96 0.94 0.80 0.49  26.00 -0.26 -0.03 -0.24
ACA 0.97 0.97 1.08 0.25  27.00 0.15 0.00 0.15
TTC 0.98 0.92 0.83 0.62  28.00 -0.24 -0.08 -0.15
CTT 0.99 0.95 1.23 0.03  29.00 0.32 -0.05 0.36
CGT 1.00 0.99 0.97 0.37  30.00 -0.03 -0.01 -0.02
GCT 1.00 0.89 0.77 0.68 31.00 -0.38 -0.16 -0.22
GAC 1.00 0.98 0.95 0.99  32.00 -0.08 -0.04 -0.04
ATA 1.02 1.33 1.11 0.12  33.00 0.13 0.38 -0.26
GTA 1.02 1.02 1.04 0.12  34.00 0.03 -0.01 0.04
AGA 1.07 1.18 1.04 0.68  35.00 -0.05 0.13 -0.18
CTA 1.07 0.99 1.13 0.19  36.00 0.07 -0.12 0.19
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CAG 1.08 1.16 1.08 0.24  37.00 0.00 0.10 -0.10

GGT 1.08 1.04 0.97 0.43  38.00 -0.16 -0.06 -0.10
GAA 1.13 1.10 0.93 0.86  39.00 -0.29 -0.03 -0.25
TGC 1.13 0.99 1.35 0.25  40.00 0.25 -0.20 0.45
ACG 1.20 1.09 1.17 0.14  41.00 -0.03 -0.14 0.10
CTC 1.20 1.26 1.49 0.06  42.00 0.31 0.07 0.24
TAC 1.23 1.41 1.01 0.49  43.00 -0.28 0.19 -0.48
GCA 1.24 1.29 1.02 0.31  44.00 -0.27 0.06 -0.34
GAG 1.24 1.21 1.02 0.40  45.00 -0.28 -0.03 -0.25
GTG 1.29 1.06 1.10 0.16  46.00 -0.23 -0.28 0.04
TCG 1.32 1.25 1.25 0.12  47.00 -0.08 -0.08 0.01
GCG 1.36 1.28 1.12 0.10  48.00 -0.28 -0.08 -0.20
CCT 1.37 1.38 1.05 0.12  49.00 -0.39 0.01 -0.41
CCA 1.38 1.44 1.01 0.62  50.00 -0.45 0.07 -0.51
GGC 1.40 1.39 1.15 0.99 51.00 -0.29 -0.02 -0.27
AGG 1.41 1.59 1.37 0.28  52.00 -0.04 0.18 -0.22
TGG 1.41 1.25 1.34 0.37  53.00 -0.08 -0.17 0.10
CGC 1.50 1.56 1.38 0.27  54.00 -0.12 0.07 -0.18
GGG 1.51 1.61 1.25 0.18  55.00 -0.28 0.09 -0.37
CTG 1.57 1.34 1.71 0.06  56.00 0.12 -0.22 0.35
GGA 1.68 1.58 1.42 0.19  57.00 -0.24 -0.09 -0.15
CGG 1.77 1.43 1.61 0.06  58.00 -0.14 -0.31 0.18
CGA 1.88 2.36 2.07 0.00  59.00 0.14 0.33 -0.19
CcCccC 1.96 1.72 1.22 0.09  60.00 -0.68 -0.18 -0.50
CCG 2.62 3.69 1.86 0.20 61.00 -0.50 0.50 -0.99

Supplemental Table 5.S4. Relative codon elongation rate (ER) and dwell time (DT) in the
Dhhlp study. Related to Figure 5.6; RAV: relative adaptation value.
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GO Term Accession # p-value # genes

cytosolic ribosome [GO:0022626] 3x107'° 20
cytosolic part [GO:0044445] 1x10™ 21
ribosome [GO:0005840] 2x107"2 20
ribosomal subunit [GO:0044391] 5x10"2 19
cytosolic small ribosomal subunit [GO:0022627] 6x10™"" 12
small ribosomal subunit [GO:0015935] 9x10” 12
Pathway  pvale  #gemes
glucose fermentation 4x107 5

Supplemental Table 5.S5. The GO enrichment of gene with reduced TE in OE, relative to
WT in the Dhhlp analysis. Related to Figure 5.6; 50 genes the most changes in TE were used
as inputs for the GO enrichment analysis. The p-values shown were adjusted with Bonferroni
correction.
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GO Term Accession #

inner mitochondrial membrane protein complex [GO:0098800]
cytochrome complex [GO:0070069]
mitochondrial protein complex [GO:0098798]
mitochondrial part [GO:0044429]
mitochondrial respiratory chain [GO:0005746]
respiratory chain complex [GO:0098803]
ATP metabolic process [GO:0046034]
purine ribonucleoside triphosphate metabolic [GO:0009205]
process

hydrogen ion transmembrane transport [GO:1902600]

purine nucleoside triphosphate metabolic process  [G0O:0009144]

aerobic respiration, electron transport chain

p-value

3x10
1x10°
2x107
3x107
4x107
5x107
5x107

7%107

7%107
8x107

1x107

# genes
8

5

8

17

O 3 OO0 0O W W

Supplemental Table 5.S6. The GO enrichment of gene with increased TE in KO, relative to
WT in the Dhh1p analysis. Related to Figure 5.6; 50 genes the most changes in TE were used
as inputs for the GO enrichment analysis. The p-values shown were adjusted with Bonferroni

correction.
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Chapter 6 Applications on genome informatics

Summary of contribution

This chapter describes the applications on genome informatics. The first application and
analyses were published in BMC Medical Genomics™'®. Han Fang developed the computational
pipeline for analyzing the whole genome sequencing data. The second application and methods
were published in Bioinformatics”". Michael Schatz led the development of the mixture model
to estimate the mutation rate, duplication rate, and genome size. Han Fang further refined the
prior probabilities and the mixture model. Permission for republication of this material has been
granted and is available upon request.

Applications

Application 1 - Whole genome sequencing of one complex pedigree illustrates challenges with
genomic medicine

Human Phenotype Ontology (HPO) has risen as a useful tool for precision medicine by
providing a standardized vocabulary of phenotypic abnormalities to describe presentations of
human pathologies; however, there have been relatively few reports combining whole genome
sequencing (WGS) and HPO, especially in the context of structural variants. We illustrate an
integrative analysis of WGS and HPO using an extended pedigree, which involves Prader-Willi
Syndrome (PWS), hereditary hemochromatosis (HH), and dysautonomia-like symptoms. A
comprehensive WGS pipeline was used to ensure reliable detection of genomic variants. Beyond
variant filtering, we pursued phenotypic prioritization of candidate genes using Phenolyzer.
Regarding PWS, WGS confirmed a 5.5Mb de novo deletion of the parental allele at 15q11.2 to
15q13.1 (Figure 6.1). Phenolyzer successfully returned the diagnosis of PWS, and pinpointed
clinically relevant genes in the deletion. Further, Phenolyzer revealed how each of the genes is
linked with the phenotypes represented by HPO terms. For HH, WGS identified a known disease
variant (p.C282Y) in HFE of an affected female. Analysis of HPO terms alone fails to provide a
correct diagnosis, but Phenolyzer successfully revealed the phenotype-genotype relationship
using a disease-centric approach. Finally, Phenolyzer also revealed the complexity behind
dysautonomia-like symptoms, and seven variants that might be associated with the phenotypes
were identified by manual filtering based on a dominant inheritance model. The integration of
WGS and HPO can inform comprehensive molecular diagnosis for patients, eliminate false
positives and reveal novel insights into undiagnosed diseases. Due to extreme heterogeneity and
insufficient knowledge of human diseases, it is also important that phenotypic and genomic data
are standardized and shared simultaneously.

ERDS and CNVnator both detected three de novo heterozygous deletions with a total size
of about 5.5 Mb, in the chromosome regions from 15q11.2 to 15q13.1 of the proband with PWS
(K10031-10232). The hg19 genomic coordinates of the breakpoints are chr15:22,749,401-
23,198,800 (~449 Kb), chr15:23,608,601-28,566,000 (~4.96 Mb), and chr15:28,897,601-
28,992,600 (~95 Kb). Notably, these deletions are relatively close to one another; the distances
between each deletion are ~410 Kb and ~332 Kb, respectively. Within the regions containing the
de novo deletions, the depth of coverage in the proband’s genome is 20X, about half of the
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genome-wide mean coverage (40X). Due to the lack of the proband’s mother’s sequencing data
(as she refused to participate), analysis was performed to determine which allele (paternal or
maternal) is deleted. This can be inferred through SNVs where the mendelian inheritance law is
violated; meaning those instances in which the proband (K10031-10232) does not carry certain
paternal or maternal SNVs that his brother (K10031-10233) does carry. In total, there are 2,987
SNVs where the proband’s father (K10031-10231) is a homozygote and the proband’s brother is
a heterozygote. Out of the 2112 SNVs where the father is homozygous to the reference allele, the
proband is homozygous to the alternative allele at 1944 loci (92%, Figure 6.1). Among 875
SNVs where the father does not carry any reference allele, the proband carries only the reference
allele at 861 SNVs (94%, Figure 6.1). This indicates that the proband only carries the maternal
alleles in those regions. These deletions were not detected in either the proband’s father or his
brother using the WGS data. The [llumina microarray data further confirmed this discovery; the
proband carries these deletions while his father and his brothers (K10031-10233 and K10031-
10234) do not carry any of these deletions in their genome. Probe distributions of Log-R ratios
and B allele frequencies are not uniform in the microarray because the density of SNV varies
between genomic regions. This highlights the higher resolution and completeness of WGS over
microarray for precise molecular diagnosis of such diseases. Thus, we confirm that the proband
carries the de novo PWS Type I deletion (spanning breakpoints BP1 and BP3) defined by
previous publications % *'.

Application 2 - GenomeScope: fast reference-free genome profiling from short reads
GenomeScope is an open-source web tool to rapidly estimate the overall characteristics
of a genome, including genome size, heterozygosity rate and repeat content from unprocessed
short reads. These features are essential for studying genome evolution, and help to choose
parameters for downstream analysis. We demonstrate its accuracy on 324 simulated and 16 real
datasets with a wide range in genome sizes, heterozygosity levels and error rates. Availability
and Implementation: http://genomescope.org, https://github.com/schatzlab/genomescope.git.

The full GenomeScope model builds on this analysis to consider the interplay between
heterozygosity, repeats, sequencing depth, and sequencing biases. Central to our method is the
mixture model to describe the impact of heterozygosity and repeats on the k-mer distribution:

[(X50,8,7,0,A,p,G) = e
uation6.
G e [a NB (X; A,é> + B NB (X; QA,Q> +yNB (X; 3A,Q> + dNB (X; 4)\,9” E
P P P P
where
G is a scaling parameter w.r.t the genome size,
a, 8,7, 9 are the prior probability (weights) for each distribution,

A is the mean of the first Negative bionomial distribution,
p is the variance parameter of the Negative bionomial distribution

We further determined the coefficients «, 3, ~, d were related to the underlying genomic
properties through the following system of equations (Equation 6.2-6.6, See also Figure 6.2).
The parameter 7 is the mutation date, and & is the duplication rate. The sum of «, 3, 7, § will be
greater than 1 if there is a non-zero rate of heterozygosity. This is because introducing
heterozygosity will create new k-mers relative to the haploid genome length G similar to what is
described above for repeat-free genomes. The maximum value of the sum may be as large as
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3*@G at extreme rates of duplication and heterozygosity, consisting of G k-mers from the
(duplicated) maternal haplotype, and 2*G heterozygous k-mers from the paternal haplotype. The
four coefficients can be scaled by WM so that they will sum to 1 and form a proper

probability distribution for the mixture model. Equivalently, GenomeScope infers a value for G

which has been scaled by m

a=2(1-d)[1 - (1 —-r)+2d[1— (1 —1)2+2d[(1 —1)*][1 — (1 —1)¥]

B=01-d)[1-n)+dl-(1-1)

v =2d[(1 - )1 — (1 —r)¥]

5 = d[(1 - 1)
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Figure 6.1 Screenshot of three heterozygous de novo deletions between the region 15q11.2 to
15913 in proband K10031-10232. The deleted regions are denoted by the red boxes. The yellow
tagging SNVs represent the SNVs that violate the Mendelian inheritance law. The non-deleted
regions are denoted by the green tagging SNVs. Genome-wide average coverage (40X) is
denoted by the grey dashed line. The breakpoints of these deletions (PWS Type I deletion) are
chr15:22,749,401-23,198,800 (~449 Kb), chr15:23,608,601-28,566,000 (~4.96 Mb), and
chr15:28,897,601-28,992,600 (95 Kb) (hgl9). These deletions are not detected either in the

proband’s father or the unaffected brother.
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Unique homozygous case:
e
o B y 4]
total contribution to 3 peak: (1-d)((1-r)"k)
Unique heterozygous case:
A
e
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Legend:

Figure 6.2. GenomeScope Heterozygosity Categories. The figure shows how duplications and
heterozygosity impacts the k-mer profile by contributing k-mers to the four possible peaks.
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Chapter 7 Conclusions and Perspectives

As described in the central dogma of molecular biology, biological information flows
from DNA to RNA, and from RNA to protein. To understand the relationship between genotype
and phenotype, it is essential to develop methods for decrypting the information hidden in the
sequences at each step. Thanks to the advancement in the sequencing technologies, high
throughput readout of the nucleic acid sequence information has become routine in research
laboratories and soon for clinical laboratories. In particular, DNA sequencing has revolutionized
the way to study a person’s genome. More and more research groups are now able to investigate
not only SNPs, but also small indels and large structural variants. Although many groups had
demonstrated successful approaches for SNP calling, indel calling remained challenging until
recently, because the error model of indels is quite different and requires new analysis methods.
From Chapter 2 to Chapter 4, I presented a set of methods to investigate its error model and
improve indel calling.

Knowing the genotype is only one part of the process to decrypt the genome. We also
need to quantify the effects of gene regulation in order to understand the sequence function. The
development of RNAseq enables researchers to study gene expression levels genome-wide. This
led to many novel discoveries on biological processes of transcription regulation. However,
another significant part of the central dogma, translation, has received substantially less attention
and has ample opportunities for development and study. Riboseq data provide new opportunities
for studying translation regulation genome-wide, but there are prevalent sampling errors and
biological biases that are unknown. Compared with RNAseq, there is a limited number of
statistical methods developed for Riboseq. In Chapter 5, I develop a software package for
Riboseq analysis, as well as providing detailed characterizations of the common errors in
Riboseq data.

Conclusions and contributions of this thesis

In Chapter 2, the development of the Scalpel algorithm improves our ability to identify
indels from short-read sequencing data. This chapter describes the algorithm involving the de
Bruijn graph assembly. The protocol in this chapter provides a standardized workflow for
analyzing indel variants, making the analysis more reproducible. In Chapter 3, I investigated the
sources of indel errors from whole genome sequencing and exome sequencing data. It illustrates
the existing challenges that are intrinsic to different properties of data. This chapter highlights
the key factors of indel calling, such as algorithmic artifacts, coverage requirement, library
preparation, and etc. For the first time, a detailed comparison and validation on “whole genome
sequencing vs exome capture sequencing” on indel calling is described. An important finding
about how PCR amplification and homopolymer runs create many false positives is also
discussed in this chapter.

In Chapter 4, I demonstrated the accuracy of Scalpel via a three-way benchmarking
against other start-of-the-art methods. Further, this comparison also exposes limitations of those
competing algorithms, prompting their developers to address the issues in later development. In
terms of applications, we analyze 593 families from the Simons Simplex Collection and
demonstrate Scalpel’s power to detect long transmitted events, and enrichment for de novo likely
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gene-disrupting indels in autistic children. The accuracy of indel calling is essential for finding
the statistical significance in large-cohort and population-scale studies, which can be warranted
by Scalpel.

In Chapter 6, I develop Scikit-ribo, the first statistically robust model and open-source
software package for accurate genome-wide TE inference from Riboseq data. The core of Scikit-
ribo is a codon-level generalized linear model that unifies our study of translation elongation and
initiation including the effects of codon specific elongation rates, mRNA secondary structure,
and gene specific translation initiation efficiency. When paired with a powerful ridge regression
regularization method, Scikit-ribo corrects the negative skew in TE observed in most previous
papers, especially for low expressed genes. Using three case studies involving ten different
datasets, we showed how these statistical advancements allow universal improvement to Riboseq
data analysis. This particularly improves the estimation of genome-wide TE, allowing us to
discover the Kozak-like consensus sequence in S. cerevisiae, and yield novel insights into
Dhhlp’s role on translation repression.

Applications of this research

From an algorithm point of view, Scalpel is a successful attempt and advancement on
applying localized de Bruijn graph assembly for indel calling. I describe many scenarios where
the algorithm might be in error if one is not careful with the distinct error models, which are
natures of the high-throughput genomics data. In addition to the Simons Simplex Collection,
Scalpel has been successfully used to discover mutations in novel candidate genes for large
cohort studies of cancers, autism, and other important human diseases. This shed light on the
complex mechanisms and biological pathways for these devastating diseases, which might help
identify new drug targets and treatment methods for patients.

Our findings based on Scikit-ribo showcase the interplay between biology and statistics;
biological knowledge informs statistical methods development, and statistical improvement
yields novel biological insights. Together, we demonstrate that Scikit-ribo substantially improves
Riboseq analysis and our understandings of translation control. In the future, we foresee more
researchers applying Riboseq to address their biological questions related to protein translation
and Scikit-ribo can unlock the full potential of this technique.

Further directions

In terms of genotyping, a major challenge remains for somatic variant calling. Cancer
cells even from the same tissue usually have multiple clones, in addition to multi-ploidy. This
leads to the low allele frequencies of somatic variants, making it very difficult to distinguish
between true signals and noises in cancer genomes. From a computational perspective, the low
allele frequencies also pose new issues for constructing and enumerating de Bruijn variant
graphs, as the previous assumption on diploid genomes no longer holds. Thus, the next big
question is to develop an accurate and efficient algorithm based on localized graph assembly for
somatic variant calling. Several groups have been working along these lines, including a new
method called Lancet.

Regarding ribosome profiling, another potential improvement is to address the issues of
isoform-specific expression. Because in mammalian model organisms, alternative splicing is
prevalent and various isoforms might be present for the same gene. Within a gene, Riboseq
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coverage might be higher for regions with higher exon usage; this will confound the analysis of
local translation elongation rates. Therefore, a more comprehensive model should incorporate the
mRNA expression levels of different transcripts and subsequently determine the relative
expression level of different exons. This improvement will be highly valuable for the community
and further deepens our understanding of translation regulation in higher order model organisms.
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