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Copy number variation (CNV)

= Large deletions or duplications
= Abundant source of variations
= Associated with diseases
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CNV profiling: from bulk tissue to single cells

= Bulk DNA-seq
* Whole-genome sequencing (WGS)
 Whole-exome sequencing (WES) & targeted sequencing

Population of cells Single cell
(bulk sequencing) (single-cell sequencing)



Whole-exome sequencing

= Exome/exons: “functional” protein coding regions (1%) of the

genome .

Intron (removed)
non-coding

coding

Exons (translated)

gene

= Whole-exome sequencing
= A cheaper, faster, but still effective alternative to whole-genome sequencing
= Method of choice for large-scale studies
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Whole-exome sequencing protocols

1. Fragment DNA.
2. Capture exonic regions.

, Iy, GP

Exon

Frlqm.n!‘innA Intron
A = |=~ v
- W
. € -—> » Hybridization on capture
. 19 v array for target
> - Ligation of Linker < enrichment
o » »
2

3. Amplify captured/exonic regions.

4. Sequence DNA.
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(https://en.wikipedia.org/wiki/Exome sequencing)
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Our goal

= Use bulk sequencing to accurately detect CNV

e Based on depth of coverage
(i.e., number of times a genomic region is “read”)

= What are the biases?
e GC content (ease of segmentation)

Exon capture and amplification efficiency
Batch effect, population stratification
Latent factors



Cross-sample normalization model
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= \What has been done: PCA

* Continuous measurements

— 600

e Assume Gaussian noise structure

* lgnores known quantifiable biases, such
| 00 as GC content, exon lengths, etc.

e GC content bias cannot be captured by a
linear PC
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Poisson latent factor model
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Poisson latent factor model

= CNV detection:

Y;; ~ Poisson(A;;)
K
Aij = N; f;(GC;)B; exp (KZI gikhjk)

(Jiang et al., Nucleic Acids Research, 2015)

= Spatial transcriptomics:
Y;, j|/1i, j~Poisson(N i, j)

K

D Bi, khk, j
k=1

log(/li, j) = aj + log +yjte |

(Cable et al., Nature Biotechnology, 2022)



GC content bias

Whole-exome sequencing data from the 1000 Genomes Project
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How to choose the number of latent factors?

Whole-exome sequencing data from the TARGET initiative

Scree Plot

AlC

Deviance reduction

AIC

4 6 8
Number of latent variables

Cross-Validation

T
10

ay2aw/lal

e YAVl

Prediction error

1

1

I 1 I I

4 6 8 10
Number of latent variables

4 6 8
Number of latent variables



CODEX: COpy number Detection by EXome-seq

Raw coverage Normalization Segmentation

Sample

Exon Exon Exon

http://bioconductor.org/packages/CODEX/
(Jiang et al., Nucleic Acids Research, 2015)



http://bioconductor.org/packages/CODEX/

Independent benchmark results

True Positives out of 72

Nimblegen Default Performance
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(Sadedin et al., GigaScience, 2018)




Melanoma targeted sequencing

FGC1378 : CODEX K = 6 segmentation
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Common CNV signals are attenuated by
the Poisson latent factors!
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Low sensitivity for common CNVs
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Solution:
ONLY use normal samples to estimate
exon-specific bias and latent factors!




sanity check

6 segmentation

FGC1378 : CODEX K

Melanoma targeted sequencing
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(Garman et al., Cell Reports, 2017)



TCGA validation

=

TCGA frequency
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Recovering common CNV signals
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ONLY use normal samples to estimate
exon-specific bias and latent factors.
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What if we don’t know which samples are
“normal” (common germline CNV detection)?




CODEX2: full-spectrum CNV detection by NGS

1-dimensional
latent batch effect
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https://github.com/yuchaojiang/CODEX2

Recall = TP/TP+FN)

HapMap samples: SNP-array validation
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CNV profiling: from bulk tissue to single cells

= Single-cell DNA-seq
= Conventional whole-genome amplification
= 10X Genomics Chromium Single Cell CNV Solution / DLP+

Population of cells Single cell
(bulk sequencing) (single-cell sequencing)



Profiling somatic copy number aberrations by scDNA-seq
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(Jiang et al., PNAS, 2016)

= Goal: Use scDNA-seq to assess intra-tumor heterogeneity by profiling
somatic copy number aberrations with single-cell resolution.



scDNA-seq data breast cancer patients

Patient T10 Patient T16 Primary Tumor  Patient T16 Metastasis
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FACS sorting followed by copy number profiling by scDNA-seq revealed three
distinct subclones in patient T10 and a single clonal expansion in patient T16.




Using Gini index to identify normal cells

Histogram of Gini coefficients

= Cell-specific Gini index distribution. 2
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= Cancer cells have higher Giniindex
compared to normal cells by FACS |
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CODEX2 with negative control samples
(i.e., normal cells)

Genomic positions
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Y/beta/N

1e-04 3e-04 5e-04

Sanity check: GC content bias f(GC) by CODEX2

= Good fit:

Sample 163 SRR089719 T16M : ploidy 2 Gini 0.047

Y/beta/N
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GC content
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= Poor fit: multiple different copy number states contribute to

multiple increments in f(GC)

Sample 45 SRR053679 T10 : ploidy 1.7 Gini 0.1254

Y/beta/N

1e-04 3e-04 5e-04

Sample 70 SRR054602 T10 : ploidy 3.15 Gini 0.1176

GC content




Benchmark against existing method

= Ginkgo (Garvin et al., Nature Methods, 2015)
* Normalization: Lowess fit to correct for GC bias
e Segmentation: Cell-specific circular binary segmentation

For every cell:

Bin reads into regions
across genome

v

Quality control: analyze read
coverage and uniformity

v

Remove outliers: normalize,
GC correct and smooth bins

v

Segment bins and determine
copy-number state
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(Figure 1: Gavin et al., Nature Methods, 2015)




EM algorithm for GC bias

Y;; ~ Poisson(2;;)
K
Aij = N;B;f;(GC;) exp <Zk—1 gikhjk) a
= |f there are significant genome-wide copy number changes,

(1/2  with probability 7’

- 2 / 2 with probablllty n(] )
ly = )

T / 2 with probablllty n(] )

where Tj is the number of copy number groups and Zti (’) = 1.

= (V) = Sl e () =
Z:jl (])messon( U,N,Blf](GC) exp(Zk 1gikhjk)).



EM algorithm for GC bias: empirical fit

Hypodiploid cell (cell ploidy < 2)
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f(GC)

f(GC)

4e-04

1e-04

4e-04

1e-04

Raw data

25 30 35 40 45 50 55 60

GC content

EM algorithm fit

P o L

| | | I | | |
25 30 35 40 45 50 55 60

GC content



I I I ]
000€ 000L O

Aouanbaiy

o
=
2 3
S g
s

(g0 _
Q.

p

o

S

7,

= S
5
4 £
v :
= 8
S
=

a _ooﬁ_vov
i

E

S

o,

2

I I I I ]
0009 000¢c O

Aouanbaiy

Estimated copy number

Estimated copy number

SCOPE normalization

Ginkgo normalization + ploidy adjustment

000ct

0008 000t

Aouanbaiy

000s

000€

Aouanbaiy

000}

0

Estimated copy number

Estimated copy number



Cross-sample segmentation

= Why across samples? Breakpoints are shared across cells from the same clone.
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Embed EM for fitting GC bias in Poisson latent
factor model with negative control samples
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Estimated copy number

) T10 Cell 1:Gini 0.0916 (B) T10 Cell 45:Gini 0.2508
8
§' ---- SCOPE fit - SCOPE fit
| == Alnulfit 34 ---- Allnullfit
= o
8_ <
o g e /
d
% E 35 pry &b 50 % 0 % 20 35 &H & 0 55 P
GC content GC content
8
g_
g |
g
° T
GC content GC content
FACS ploidy = 2; Predicted ploidy = 2. FACS ploidy = 1.7; Predicted ploidy = 1.7.
~ R N HEE Wi 6,\ T S N s Sy Eoon % s el
i —=— (Cross-sample segmentation -g —i —= Cross-sample segmentation; |
‘°‘: H ' I : S ‘°‘x H H Vo : :
w0 = o i
| > |
- 8— -:_] |
| (ST |
| ko]
O o
T
E —®
7 T T T I‘I‘I T I‘I T I‘I I‘IIIII‘I‘II E 0—‘ T T T I‘I T T I‘I‘I‘I I‘I‘II‘I‘I‘I‘I‘II‘Ii

1 2 3 4 5 6 7 8 9 10 12
chromosome

14 16 18 21

1 2 34 5.6 718910 12

chromosome

14 16 18 21

(@) T10 Cell 70:Gini 0.2352
- SCOPE fit
S| ---- Allnullfit
3
o .
S H
25 % 35 £ 45 20 % 60
GC content

Estimated copy number

GC content

FACS ploidy = 3.15; Predicted ploidy = 3.09.

~

5

A
H|
|
Kl
.
. i
|
|
M
v

4

|5, S I ) Ji 5 ) e LS
1 2 3 4 5 .6 7 .8 .90 12 14 16 18 21

chromosome

Estimated ploidy is taken as the mean estimated copy number across all bins. Close to previous reports.



SCOPE: Single-cell COPy number Estimation

Sequencing fastq(s)

Demulitplex (Python)
Align (BWA)

v QC (SAMtools)
Assembled bams hg38/mm10/...
Biostrings |

v v
— Mappability  GC content

Y

Read depth
v

Rsamtools

Normalization
(GC bias, latent factors, etc.)

v

Multi-sample Poisson
likelihood segmentation

v
CNV calls
v v -
Single-cell clusters/clones

https://github.com/rujinwang/SCOPE
(Wang et al., Cell Systems, 2020)



https://github.com/rujinwang/SCOPE

CNV profiles of breast cancer patients T10, T16

Polygenomic tumor Monogenomic tumor
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Gold standard for orthogonal validation:
CNV calls by aCGH of purified bulk samples (Navin et al., Genome Research, 2010)
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10X Genomics: gastric cancer cell line spike-in

10% gastric cancer cell line spike—in 1% gastric cancer cell line spike—in
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Estimated % cancer cells: 36/462 ~ 8%. Estimated % cancer cells: 11/1055 =~ 1%.



Intratumor heterogeneity by
bulk-tissue DNA-seq

Total copy number . Allele-specific copy number Tumor phylogeny
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Canopy: https://CRAN.R-project.org/package=Canopy
(Jiang et al., PNAS, 2016)
MARATHON: https://github.com/yuchaojiang/MARATHON

(Urrutia et al., Bioinformatics, 2018)



https://cran.r-project.org/package=Canopy
https://github.com/yuchaojiang/MARATHON

Intratumor heterogeneity by
bulk-tissue DNA-seq and single-cell RNA-seq

1 ) Pre-[.JroceEis read counts 0 Estimate bursting kinetics
(via somatic variant calling pipeline) Gene Expression Data (scRNA-seq
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Canopy2: tumor phylogeny inference by bulk DNA and single-cell RNA sequencing
https://github.com/annweideman/canopy?2
TAMU Biomedical Engineering Seminar: Nov 16t 2023, 2:20pm-3:35pm



https://github.com/annweideman/canopy2

Thanks! Questions?



