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Problem: how can we target our interventions In
an epidemic to have a greater impact”

A solution: learn more about the epidemic through
analysis of pathogen sequence data.



Context  Phylogenies... Distance trees Parsimony Likelihood/Bayesian Uncertainty Pitfalls & best practices And more...
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Genetic changes (substitution) accumulate over time

Substitution: replacement of a nucleotide (e.g. a — t)

Original slide by
Thibaut Jombart




Context  Phylogenies... Distance trees Parsimony Likelihood/Bayesian Uncertainty Pitfalls & best practices And more...
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Using substitution patterns to reconstruct the evolutionary
history

. .attaaacgtaggatctagg...
. .attaaacgtaggatctagg...
. .attcatacgtaggatcagg...

. .attgtacgtaggatctttt...

. .attgtacgtaggatctttt...

X K XX X

. .attgcatgtaggatctttt... ‘

Phylogenetics aim to reconstruct evolutionary trees (phylogenies)

Original slide by from genetic sequence data.
Thibaut Jombart



Context  Phylogenies... Distance trees Parsimony Likelihood/Bayesian Uncertainty Pitfalls & best practices And more...
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Using trees to represent the evolutionary history
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the tips of
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Context  Phylogenies... Distance trees Parsimony Likelihood/Bayesian Uncertainty Pitfalls & best practices And more...
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Using trees to represent the evolutionary history

Most Recent Common Ancestors

(MRCA)

*

the nodes
of the tree

Original slide by
Thibaut Jombart



Context  Phylogenies... Distance trees Parsimony Likelihood/Bayesian Uncertainty Pitfalls & best practices And more...
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Using trees to represent the evolutionary history

X
X

X
x’

%

length = amount of evolution (not time, as a rule)

Original slide by
Thibaut Jombart



Context  Phylogenies... Distance trees Parsimony Likelihood/Bayesian Uncertainty Pitfalls & best practices And more...
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Using trees to represent the evolutionary history

x

A

L

distances between tips

"patristic" distance: sum of branch lengths

Original slide by Small distance = small amount of evolution,
Thibaut Jombart from which we infer proximity in a transmission network.




Problem: to meaningftully interpret small differences between
closely related viruses, we want accurate genomes.

Problem: to make robust statements, need many genomes.

Solution: high-throughput sequencing + accurate, scalable
seqguence processing.



Our HIV Data

founder

sample Cornelissen et al.
taken .
Virus Research 2016

RNA extraction

RT PCR: 4 amplicons,
universal primers

paired-end reads GaH et a/
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Mapping Reads to a Reference

CTAGCTACGACT - GAATACGTATCTGACAGTAT . . «——— Eference

CTAGCTACGACTTGAGTACGTATC sequence
TAGCTACGACTTGAGTACGTATCG
AGCTACGACTTGAGTACGTATC-G
GCTACGACTTGAGTACGTATC - GA
CTACGACTTGAGTACGTATC-GAC
TACGACTTGAGTACGCATC-GACA
ACGACTTGAGTACGTATC-GACAG
CGACTTGAGTACGTATC-GACAGT
GACTTGAGTACGCATC-GACAGTA

N T

insertion substitution within-nost deletion
polymorphism



However, the more different a read IS from ItS reference,
the more likely it is to be aligned incorrectly or not at all.
SO mapping causes biased loss of information.

e.g. use the same reference for mapping for a group of

iNndiviguals: bilas their viruses to look similar to each other
— false inference of transmission.

e.g. use old references for mapping new samples
— false inference of slow evolution



shiver - Sequences from HIV Easily Reconstructed
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Wymant et al., Virus Evolution 2018
github.com/ChrisHIV/shiver
Also works on HCV, RSV, ...
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majority base and minority
frequencies across the genome

$ shiver_align_contigs.sh

$ shiver_map_reads.sh



https://github.com/ChrisHIV/shiver

Map to shiver’'s cons

ructed reference,

also map to the closes
compare.

- of 3259 real references (from database),
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Application of shiver for 3 HIV projects:

Investigate the viral-genetic

/ basis of virulence
Help Interpret the

BEERIVE: N ~ 3,000

effect of a population-

POpART: N ~ 1,000 currently, 9,000 eventually — level test-and-treat
PANGEA: N ~ 13,000 currently, 23,000 eventually  intervention in Zambia

\

Generate new insights into

transmission dynam

generalized epidemics in Africa

CS

and South Africa

N

Tanya
Golubchik B




Problem: we want to identifty risk factors for
transmission. We need to identity not just transmission
palirs or clusters, but who infected whom.



Molecular epl with one pathogen sequence
per |n d IVI d Ua‘ SRR SRS S g CSID30151836880

CSID30151836830
Dec 14 CSID3015183678 @

e st -l CSID3015183677@
CSID3015183676 @ 1

CSID30151836820

CSID3015183684 ©

Juts [c%?é%%%h%‘;i%%ig'

. [Mar 15, Oct 15 CSID3000521198 |.
* Make a tree using one pathogen R

f CSID3000516069 O
CSID3000516189@

sequence per sampled individual. =t T}

CSID3000516362
CSID3000515963|©
CSID3000516323

CSID3000516278 0

CSID30005163580)
CSID30005163570) sc2

CSID3000515962
CSID3000521210 0O
CSID3000521207
CSID3000521208

Dec 15

* Define clusters: likely to be related by j
recent transmission.

CSID3000516026 O

CSID3000515959 O sc3
eIy CSID3000521202 O

: CSID3000516028 ()

CSID30005160670

CSID3000515960 O
CSID3015183675@
CSID3015183681 @
CSID3000521794 O

Dcc 15 | CSID3015183673@
= CSID3000516352 O sc4
' CSID3000521205 @
CSID3000521203 O

5 Jan 16 CSID30
[Jul 15, Dec 15 15, Feb 16] = — CSID3000516072( )

* |nvestigate epidemiological correlates.

No information on who is transmitting!

:

TIOGTMMOO®>

Can do better by also using extra data +
transmission model. Conclusions then
dependent on both.

000000000000

CrXxXe«

0.00001

:

Perrin et al., Nat. Commun. 2017



Ancestral State Reconstruction

Known states (red Red evolved from blue: 4+ Blue evolved from red: 1
or blue) at the tips. changes of state needed. change of state needed.

e.g. colour for “which person was this virus in?” - Romero-Severson et al. PNAS 2016



Ancestral State Reconstruction: subgraphs
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A subgraph is connected/continuous region of the phylogeny.

Later, we'll define these regions by the state assig
.e. one subgraph = one solid block of co
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Wymant, Hall et al., M

Alignment with MAFFT: Katoh et al., Nucleic Acids Res. 2002
Phylogenetic inference with RAXML: Stamatakis, Bioinformatics 2014
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Tip or read count
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Per-patient summary statistics along the genome
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Subgraph or clade count

Mean root-to—tip—distance
(read-weighted)

1—WW

@ ©® O 90

© @e0) @es 008 ssess)) o)

@ @O @esee

2500 5000 7500

0.15 -
0.10 -

0054 S

0.00 3% AR =T e

2500 5000 7500

o o
oo o
5 ®
o
®
o % o o
. [ ] o ..
® °.o o o &
o @ o o @
A i
® ®
° o ° o" .o.ooooo o0

2500 5000 7500

2500 5000 7500

Window midpoint

( 1) % ° n P
* o st P pon P
] ]

eePencectonssssnse®etess P sossssnsse®® sossstesstese s

2500 5000 7500

@ ® .~ °
°® ®® ~0.

:v:"'-w-w"' LY

2500 5000 7500

.m.o. aeh:-

2500 5000 7500

2500 5000 7500

2500 5000 7500

2500 5000 7500

Window midpoint

2500 5000 7500

2500 5000 7500

Variable
e Subgraphs
Clades

Tip set
o Al

Largest subgraph



Dually infected individual or contaminated sample”

many v  few

many Vv




Transmission Summary: categorise

and count genomic
windows

Simpler summary: aggregate categories
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summary

phyloscanner creates within- &
between-host phylogenies along

/ . /\‘% . {%‘t " the genome from NGS reads.
{@\ ° S5z E S, - . Analysing these, or other such
"/ \ L own |, e \ . ; ohylogenies, it identifies
‘ S;‘;L‘zfg;g \\< ;_\_ITI/E/\ mapping ===—§==E _=_==—_°—— ’ ’: . . | - |
{%\ " E - = i * transmission: one individual's
I iz - pathogen population being
S~ — _ ancestral to someone else’s

 multiple infection: distinct
subpopulations in the same host

Hyman, Hal ol al VBE 2017 . gonr'ag‘tlensatl?wn:\oeX:r?;tic outliers
GitHub.com/BDI-pathogens/phyloscanner Uplicates, phylog

e recombination


https://github.com/BDI-pathogens/phyloscanner

cxtra slides: application to other
seguencing platforms and pathogens,
and using phyloscanner



Four more BEEHIVE patients sequenced with Roche 454
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Hepatitis C Virus Sequenced With Oxford Nanopore
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Seqguence data from Croucher
et al. PLoS Bio. 2016: multiple  __ 100 posterior trees
colony picks per carrier of with MrBayes
S. pneumoniae
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Using phyloscanner: GitHub.com/BDI-pathogens/phyloscanner

: ' — — _—ﬁ
—l_.— ——l—:—
——— L
: . . .
_ ——E—
} —— e, —
—l l#‘ I
\ / —

$ phyloscanner_make_trees.py ListOfBamFiles.csv --windows 1,300,301,600,...

$ phyloscanner_analyse_trees.R TreeFiles OutputString ChoiceOfHostStateReconstruction


https://github.com/BDI-pathogens/phyloscanner

Options

read_x_‘] e
T read_x_2

Merge overlapping paired ¢
reads into longer reads. ead x
s X 100 A R : : :
<10 Similarity- and frequency-based
— X read merging, for speed.

s mmsess - X 100 T e
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Excise specified positions
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Options

e |nclude known references with the reads
e [rim and/or discard low-gquality reads
e Minimum read count

e Pass any RAXML options, e.g. bootstraps, model specs

e (Choice of ancestral host-state reconstruction algorithms
& parameters

e Jransmission inference parameters, e.g. distance
thresolds, distance normalisation over the genome

Trivially parallelisable: split the whole genome into windows, run each window
as a separate job on your cluster (in addition to multithreading RAXML).




