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What metabarcoding & amplicon sequencing are used for
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Processes of metabarcoding/amplicon sequences and bias
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Lots of noise

Coissac et al, 2012

What are the true biological sequences ?
Impact on scientific conclusions
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ASV vs OTU

Hakimzadeh et al, 2023 : A pile of pipelines:

An overview of the bioinformatics software for

metabarcoding data analyses
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DADA2: Substitution Error Model (Callahan et al, 2016)

Core assumptions: each observed read is assumed to be a noisy
version of a true sequence Each observed read r “ pr1, . . . , rLq

is generated from a true sequence s “ ps1, . . . , sLq with quality
scores q “ pq1, . . . , qLq:

Ppr | s, qq “

L
ź

i“1

ppri | si , qi q

Abundance-based statistical test
For a candidate sequence r derived from a true sequence s:

λ “ Ns ¨ Ppr | sq

nr „ Poissonpλq

Sequences inconsistent with the error model are retained as
ASVs.

Substitution error model
For each Phred score q, DADA2 learns an

empirical substitution matrix:

(pooling between samples)
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UNOISE / USEARCH: Abundance-Based Denoising (Edgar 2016)

Core assumption: true biological sequences are more abundant than their errors.

Dereplicated sequences (global pool)

Sequence Abundance
S1 12 450
S2 3 120
S3 640
S4 58
S5 7

Inference

Most abundant sequence Ñ accepted as true
Each rarer sequence is aligned to accepted
ones

If sequence is:

within small distance (d “ 1–2)
and abundance ratio is low

ar

as
ď αpdq, αpdq « 10´d

ñ rare sequence classified as sequencing error

Alexandre Wendling Non-Permanent Seminar Tuesday, May 5th, 2026 6



Motivations Existing pipeline New method Results Conclusion & Ongoing work

Obiclean/Swarm : Graph of sequences (Boyer et al,2016/Mahé et al,2015)
Idea: PCR errors are close in sequence space to their source sequences and less abundant.

Graph of sequences connected by one insertion, deletion, or substitution, reasoning locally by PCR.
Classify sequences as:
Head : most abundant in its neighborhood
Internal : connected to a more abundant sequence
Singleton : no neighbor

Retain heads (and possibly singletons) as biological
sequences
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Test on mock community data
Mock Plants, Mock Bacteria, Mock Fungi
Moinard 2023 Gevers & HMP Consortium 2012 Bakker et al. 2018

primer : chloroplast DNA primer : 16S rRNA V4 primer : ITS1 rDNA
12 samples, 20 replicates 4 samples, 2 replicates 8 samples, 3 replicates

14 species 20 species 19 species
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New idea to filter ASV/OTUs based on PCR replicates

Main assumptions: there are more biological signals than PCR errors.

The variation in abundance of a biological sequence between samples is greater than its
variation in abundance between PCR replicates of the same sample

The abundance of a PCR error is determined by the abundance of the source biological
sequence from which it originates, such that the variance in the error/source sequence
abundance ratio is of the same order of magnitude between samples and between PCR
replicates of the same sample.

We want to model and compare the within-sample variance of each sequence across replicates
and the between-sample variance of each sequence across samples, taking into account the
compositionality, zero inflation, heteroscedasticity and correlation between samples as it is
expected to have lower variability between non-independent samples.
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Statistical modelling

We define the vector of non-zero counts in replicate r of sample
s, where ns,r “

ř

iPIs xi,s,r and estimate pi,s,r by the observed
proportions p̂s,r “

Xs,r
ns,r

. pxi,s,r qiPIs “ Xs,r „ Multinomialpns,r , ps,r q (1)

We then apply the log transformation on the proportions to obtain
the log-ratio transformed data to deal with the compositionality
(abundance data are in a simplex):

ϕi,s,r “ logp
xi,s,r

ns,r
q (2)

We model the log-ratio transformed data ϕi,s,r as follows : ϕi,s,r “ ϕi ` bi,s ` ϵi,s,r (3)

where ϕi is the overall mean of sequence i across samples and
replicates, estimated as : ϕ̂i “ ESi rEr rϕi,s,r ss “

1
|Si |

ÿ

sPSi

1
Rs

Rs
ÿ

r“1

ϕi,s,r (4)

bi,s is the sample-level random effect for sequence i in sample s : bi,s “ pBi qs Bi „ N pµ|Si
, Σ|Si

q (5)
And ϵi,s,r is the replicate-level random effect for sequence i in
replicate r of sample s : ϵi,s,r „ N p0, σ2

i,sq (6)
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Within-sample variance
For each sample s, we model ϕi,s,r considering
ϕi,s “ ϕi `bi,s , the mean of sequence i in sample
s, so that :

ϕi,s,r “ ϕi,s ` ϵi,s,r ϕ̂i,s “ Er rϕi,s,r s “
1
Rs

Rs
ÿ

r“1

ϕi,s,r (7)

We modelize the heteroscedasticity at sample level, so for each
sample s, we model the variance σ2

i,s as a function of the mean
ϕi,s and adopt a log-linear variance function:

log σ2
i,s “ β0s ` β1s ϕi,s . (8)

On the sample s the observed within-sample variance for sequence
i is estimated as: s2

w_i,s “
1

Rs ´ 1

Rs
ÿ

r“1

pϕi,s,r ´ ϕ̂i,sq
2 (9)

following the distribution: s2
w_i,s „ S2

w_i,s “
σ2

i,s

Rs ´ 1χ2
Rs ´1 (10)

For the global within-sample variance across samples for sequence
i , we define Ui „ Ut1, . . . , |Si |u a uniform discrete random variable
over the samples and define S2

wi as:
S2

w_i,s “ S2
wi |Ui “ s (11)

So that S2
wi is a uniformly distributed mixture of the S2

w_i,s across
samples, and we can estimate it by the mean of the observed
within-sample variances across samples:

S2
w_i “

1
|Si |

ÿ

sPSi

S2
w_i,s (12)
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Between-sample variance
To modelize the distribution of the between-sample variance, we can see the log-ratio transformed data as a
global S-variate normal distribution Φ „ N pµ, Σq. For each pair of samples ps, s 1

q, we denote Is,s1 “ Is X Is1

µs “ EIs rEr rϕi,s,r ss “
1

|Is |Rs

ÿ

iPIs

Rs
ÿ

r“1

ϕi,s,r (13)

CovpΦs , Φs1 q “
1

|Is,s1 |RsRs1

ÿ

iPIs,s1

Rs
ÿ

r“1

Rs1
ÿ

r 1“1

pϕi,s,r ´ϕpss1q
s qpϕi,s1,r 1 ´ϕ

pss1q

s1 q ϕpss1q
s “

1
|Is,s1 |RsRs1

ÿ

iPIs,s1

Rs
ÿ

r“1

Rs1
ÿ

r 1“1

ϕi,s,r (14)

To study the between-sample variance of sequence i , we consider the restricted multivariate normal distribution
Φi „ N pµ|Si

, Σ|Si
q where µ|Si

and Σ|Si
are the mean vector and covariance matrix restricted to the samples where

sequence i is observed.
Moreover, we want to reduce the correlation between samples if few sequences are shared between them. Thus,
we regularize the covariance matrix Σ|Si

through a shrinkage approach :

Σ˚
|Si

“ p1 ´ αqΣ|Si
` αdiagpΣ|Si

q (15)

Finally, the between-sample variance of sequence i is modeled as the variance of the multivariate normal
distribution Φi „ N pµ|Si

, Σ˚
|Si

q.
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Between-sample variance
The between-sample variance across samples for sequence i , S2

b_i is defined as:

S2
b_i “ VarpΦi q “ ErpΦi ´ ErΦi sq

2
s “

1
|Si |

∥Φi ´ Pi Φi ∥2
“

1
|Si |

∥pI ´ Pi qΦi ∥2 (16)

where Pi “

´

1
|Si |

¯

|Si |ˆ|Si |
, so pI ´ Pi qΦi correspond to Φi centered by its mean across samples.

We denote Yi “ pI ´ Pi qΦi , so Yi „ N
´

pI ´ Pi qµ|i , pI ´ Pi qΣ˚
|i pI ´ Pi q

J
¯

and S2
b_i “ 1

|Si |
∥Yi ∥2 follow a

generalized chi-squared distribution. To express this distribution, we can perform the spectral decomposition of
the covariance matrix of Yi : pI ´ Pi qΣ˚

|i pI ´ Pi q
J

“ QΛQJ and we denote
Zi “

?
Λ´1QJYi „ N p

?
Λ´1QJ

pI ´ Pi qµ|i , Iq the isotropic multivariate normal distribution. So finally :

S2
b_i “

1
|Si |

∥Yi ∥2
“

1
|Si |

Y J
i Yi “

1
|Si |

Z J
i ΛZi “

|Si |
ÿ

k“1

λk

|Si |
Z 2

i,k

S2
b_i „

|Si |
ÿ

k“1

λk

|Si |
χ2

1pδkq where δk “ p
?

Λ´1QJ
pI ´ Pi qµ|i q

2
k

(17)

λk are the eigenvalues of the covariance matrix of Yi and δk are the non-centrality parameters of the chi-squared
distribution.
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Comparison of variance
We can compute several quantities of interest, that could be expressed as quadratic forms such as :

PpS2
b_i ă S2

w_i q : the probability that the between-sample variance is lower than the within-sample variance
for sequence i , which is a measure of how likely this sequence is to be signal rather than noise.

PpS2
b_i ă S2

w_i q “
1

|Si |

ÿ

sPSi

P
˜

|Si |
ÿ

k“1

λk

|Si |
χ2

1pδkq ´
σ2

i,s

Rs ´ 1χ2
Rs ´1 ă 0

¸

(18)

PpS2
w_i ą s2

b_i q : the probability that the within-sample variance is greater than the observed
between-sample variance, which is a measure of how likely this sequence is to be noise rather than signal.

PpS2
w_i ą s2

b_i q “
1

|Si |

ÿ

sPSi

P
˜

σ2
i,s

Rs ´ 1χ2
Rs ´1 ą s2

b_i

¸

(19)

PpS2
b_i ă s2

w_i q : the probability that the between-sample variance is less than the observed within-sample
variance, which is another measure of how likely this sequence is to be noise rather than signal.

PpS2
b_i ă s2

w_i q “
1

|Si |

ÿ

sPSi

P
˜

|Si |
ÿ

k“1

λk

|Si |
χ2

1pδkq ă s2
w_i,s

¸

(20)
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Pairwise comparison of variance

We can also perform pairwise comparisons of variance between sequences i and j to study the
relative abundance of these two sequences across samples in a way that if the ratio have a low
variance, the two sequences are linked as they have a similar profile across samples, so one can
be an error of the other.
Studing :

Varplogp
pi ,s
pj,s

qq “ Varpϕi ,s ´ ϕj,sq (21)
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Toy example

S1 S2 S3 S4 S5
R1 R2 R3 R1 R2 R3 R1 R2 R3 R1 R2 R3 R1 R2 R3

Seq 1 23 20 21 45 47 47 38 29 38 9 13 12 58 67 56
Seq 2 56 58 48 15 20 14 36 35 41 73 58 62 6 3 9
Seq 3 6 6 2 7 13 7 3 10 4 2 4 1 10 7 13
Seq 4 23 13 54 13 26 48 15 36 7 5 34 28 35 19 39

Sample 1 Sample 2 Sample 3 Sample 4 Sample 5
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Frequencies of Sequences Across Samples and Replicates
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10−5 10−4 10−3 10−2 10−1 100 101
0.00
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0.10
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0.20

Seq 2 : P (Vintra < Vinter) = 0.98

10−5 10−4 10−3 10−2 10−1 100 101
0.000

0.025

0.050

0.075

0.100

0.125

0.150

Seq 3 : P (Vintra < Vinter) = 0.69

10−4 10−3 10−2 10−1 100
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0.050

0.075

0.100
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Seq 4 : P (Vintra < Vinter) = 0.45

Second step :

0.00 0.25 0.50 0.75 1.00

Threshold

0.65

0.70

0.75

0.80
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S
co

re

Precision, Recall and F1-score

Precision

Recall

F1-score

Seq 1 Seq 2 Seq 3

S
eq

1
S

eq
2

S
eq

3

0.00 1.00 0.52

1.00 0.00 0.97

0.52 0.97 0.00

P (V i,j
intra < V i,j

inter)
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Results on mock community data

Example on bacterial mock : Example on plant mock :
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Test on mock community data
Mock Plants, Mock Bacteria, Mock Fungi
Moinard 2023 Gevers & HMP Consortium 2012 Bakker et al. 2018

primer : chloroplast DNA primer : 16S rRNA V4 primer : ITS1 rDNA
12 samples, 20 replicates 4 samples, 2 replicates 8 samples, 3 replicates

14 species 20 species 19 species
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Results on fieldwork campaign data
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Results on fieldwork campaign data
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Results on fieldwork campaign data
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Current and Ongoing work

Conclusion:
New approach using PCR replicate information
Better description of species richness
Complementary to taxonomic assignment, where there is a bias towards exhaustiveness and
choice of sequence identity threshold
Possibility of finding ‘unknown’ biological sequences
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