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 CONTEXT

 The Covid-19 pandemics and repeated waves of emerging variants:  
• Revealed the importance of the early detection of emerging variants for rapid adaptation to viral evolution 

• Provided an enormous amount of longitudinal genomic data (RNA and protein sequencing, …)  boosted 
development of time-series analyses applied to viral evolution 

• Boosted wastewater analyses as complementary to clinical sample analyses

→

 Wastewater analyses as a complementary approach to clinical sample analyses 

• Population based versus clinical based 

• Cost effective and non invasive 

• Noisy data : Pooled samples containing fragmented, incomplete sequences from multiples strains versus 1 
sample = 1 viral sequence
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 STATE OF THE ART IN UNSUPERVISED DETECTION AND/OR FITNESS ESTIMATION

• Analyze frequency trajectory of sequences through time 
➡ prior clustering of sequences 

➡ Unsuited to pooled data
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• Analyze frequency trajectory of mutations through time 
➡ prior clustering of mutations (ex. weighted mutation network, latent population genetic 

structure)  

➡  non parametric  

• Idea within the analyses of frequency trajectory of mutations 
➡ clustering of mutations according to their frequency trajectory itself  

➡ suited to pooled data and parametric 



 GOAL
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Source: Ifremer, Nantes.  
Laure Barbé et al (2022): SARS-CoV-2 Whole-Genome Sequencing Using Oxford Nanopore 
Technology for Variant Monitoring in Wastewaters, (Frontiers in Microbiology, 2022)
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 THE MODEL 

Mixture of  
• latent group assignment  :  groups under 

selection + 1 neutral group (fixed constant trajectory) 
 

• observed mutation counts   

 

 : read depth at time  at position of mutation 

Zi ∈ {0,…, K} K

{Zi} ∼ Multinomial (π)

Xi = (Xit)t=1,…,m

{Xit |Zi = k, k ≠ 0} ∼ Binomial (dit,
1

1 + e−(μk+skt) )
dit t i
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• The neutral group  of constant trajectory (fixed selection coefficient at 0) has a  
random intercept :  

 

{i, Zi = 0}

{Xit |Zi = 0} ∼ Binomial (dit,
1

1 + e−u ) whith u ∼ Beta (α, β)



 STATISTICAL TOOLS based on the EM algorithm

6

&(X, Z ) = ∏
i

&(Zi)∏
t

&(Xit |Zi)

• Parameter estimation with the Expectation Maximization (EM) algorithm 
‣ Initialization with data driven initial posterior probabilities of group assignment 

computed with EM algorithm over a model with no neutral groups 

 

• Selection of the number of groups:  

‣ based on lower limit of the size of the smallest group  (in terms of number of 
mutations),  (resp. 3 & 5) for analyses covering days (resp. 

weeks & months).  
‣ No group contains solely 1 mutation.

'(θ |θold) = ∑
i

∑
k

&(Zi = k |Xi = xi; θ)
Expectadon step

log &(Zi = k, Xi = xi |θold)
Maximizadon step

Nk
K = arg maxk{NK ≥ 2}



 RESULTS - DATASETS
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Source: Ifremer, Nantes.  
Laure Barbé et al (2022): SARS-CoV-2 Whole-Genome Sequencing Using Oxford Nanopore 
Technology for Variant Monitoring in Wastewaters, (Frontiers in Microbiology, 2022)
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 RESULTS - WWTP1 over its entire time period
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Probability to belong to main circulating variants computed with VirPool package (retrospectively)  
stratified on posterior group assignment

Parameter estimates and estimated frequency trajectories
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 RESULTS - WWTP2 over its entire time period
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Parameter estimates and estimated frequency trajectories

Probability to belong to main circulating variants (computed with VirPool package) stratified on posterior group assignment
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 RESULTS - WWTP2 lowering group size limit from 5 to 3 mutations
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Parameter estimates and estimated frequency trajectories



 RESULTS - detection (just before and at the beginning of Alpha emergence)
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At the beginning of Alpha emergenceBefore Alpha emergence

WWTP1 WWTP2 WWTP1 WWTP2 



 RESULTS - lowering group size limit from 3 to 2 mutations
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At the beginning of Alpha emergenceBefore Alpha emergence

WWTP1 WWTP2 WWTP1 WWTP2 



THANK YOU ! 

 PERSPECTIVES
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‣ latent group assignment   

‣ latent Gaussian random walk  

‣ observed mutation count 

&(X, Y, Z |θ) =
n

∏
i=1

&(Zi |π)&(Yi,0 |Zi; μ0, σ2
0)

m

∏
t=1

&(Yi,t |Yi,t−1, Zi; s, σ2)
m

∏
t=0

&(Xi,t |Yi,t)

Zi ∈ {0,…, K}
Yi = (Yit)t=0,…,m

Xi = (Xit)t=0,…,m

• Leverage general conditions of application (number of groups selection, thresholds, etc.) 
• Hidden Gaussian random walk with break point detection

 

 

 

{Zi} ∼ Multinomial (π)
{Yi,0 | Zi = k} ∼ ) (μ0, σ2

0); {Yi,t | Yi,t−1 = y, Zi = k} ∼ ) (y + skΔj, σ2Δj)
{Xi, j | Yi, j = y} ∼ Binomial (di, j,

1
1−e−y )

This work is published in PLOS Computational Biology under DOI https://doi.org/10.1371/journal.pcbi.1013749

The code is available at the link : https://github.com/AlexandraLefe/FT-mixture

https://doi.org/10.1371/journal.pcbi.1013749
https://github.com/AlexandraLefe/FT-mixture

