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Motivations
oeo

Processes of metabarcoding/amplicon sequences and bias

Species
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for Analysis

DNA in DNA DNA after DNA after DNA after

Biomass . . .
Environment Collected Extraction PCR Sequencing

Species Biological Extraction e Sequencer Bioinformatics
Movement Sampling Method Subsampling Pipeline

Morphology Collection Initial Library Decontamination /

Physiology Methods Subsampling Preparation Post-processing

Sliziltilig PCR Bias

Rates

. Deterministic Process

3D PCR . Stochastic Process
Transport Method

Decay
Rates Gold et al, 2023 Signal and noise in metabarcoding data
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Motivations
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Lots of noise
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Distance from reference Uncia uncia sequence Coissac et al, 2012
o What are the true biological sequences ? From envir al DNA sequences to ecological conclusions:
How strong is the influence of methodological choices?
@ Impact on scientific conclusions . st Sy Luc inges Wi Thuter
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Existing pipeline
00000

ASV vs OTU

Operational Amplicon
Sample Amplicon Taxonomic Units Sample Amplicon Sequence Variants
Sequences Reads (de novo) Sequences Reads (asvs)
PR
N
Y '/ A .
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@ \ ’ © ©
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. o - L4 L4
. . .
PCRIsequenciog Pick OTUS il sy Removelcarrect errors
ASVs  Denovo Closed-ref
Precise \/ ~ ~
Tractable \/ ~ \/
Reproducible | o/ X v
Hakimzadeh et al, 2023 : A pile of pipelines: Comprehensive J J X

An overview of the bioinformatics software for

metabarcoding data analyses
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Existing pipeline
(o] Jelele]

DADAZ2: Substitution Error Model (Callahan et al, 2016)

Substitution error model

Core assumptions: each observed read is assumed to be a noisy
For each Phred score q, DADA?2 learns an

version of a true sequence Each observed read r = (r,...,r) o i .
is generated from a true sequence s = (s1,...,s.) with quality empirical substitution matrix:

scores ¢ = (q1,...,qL): r_‘_ N N N
En = # = .

n, ~ Poisson(\)
0 10 20 30 4'0 0 10 20 SU 40 U '\D ZD 30 4'0 o 10 ZU 30 40

Sequences inconsistent with the error model are retained as Consensus quality score
ASVs.

hbbho

L

P(rl|s,q) = H (ri| si,aq0)

PSS

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

Error frequency (log10)

Lohio

A=N.-P(r]|s)

Bobho

(pooling between samples)
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Existing pipeline
[e]e] le]e]

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

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

Inference

Dereplicated sequences (global pool) @ Most abundant sequence — accepted as true

@ Each rarer sequence is aligned to accepted

Sequence Abundance ones
S: 12450 @ If sequence is:
S 3120 L .
Sz 640 o within small distance (d = 1-2)
S, 53 o and abundance ratio is low
Ss 7

— < a(d), a(d) ~ 107
= rare sequence classified as sequencing error
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Existing pipeline
[e]e]e] Jo]

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.

M‘; ) . o &

abundance

Graph of sequences connected by one insertion, deletion, or substitution, reasoning locally by PCR.
Classify sequences as:

Head : most abundant in its neighborhood @ Retain heads (and possibly singletons) as biological
Internal : connected to a more abundant sequence sequences
Singleton : no neighbor
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Existing pipeline
[e]e]e]e]

Test on mock community data

Mock Plants, Mock Bacteria, Mock Fungi Mock Plant ~ 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

Precision

Traditional error/correction method

MERGING PAIRED-END SEQUENCED READS ==
flash / obipairing

100% -
! 90%
DEREPLICATION + FILTERING oa
obuniq + obigrep —c 2 60%
50% -
. ! , !
ASV GENERATION | gg;o
————————————— 10% 4
Error estimation model learning K 1 GLOBAL CLUSTERING TO 0% -
| l

-]
L

DADA2 B Obiclean EmE VSEARCH

Recall

GET OTU CENTROIDS
SEQUENCING AND PCR

ERRORS ELIMINATION, AND
CHIMERAS REMOVAL

learnErrors

F1 scores
=]
53

|
- =

removeBimeralDenovo baseline baseline baseline

[ CHIMERAS REMOVAL ] 10%1
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New method
0000000

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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New method
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Statistical modelling

We define the vector of non-zero counts in replicate r of sample
s, where ns, = >, Xisr and estimate pis,, by the observed

s,r

proportions ps , =

ns.r’

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):

We model the log-ratio transformed data ¢; s, as follows :

where ¢; is the overall mean of sequence i across samples and
replicates, estimated as :

bj s is the sample-level random effect for sequence i in sample s :

And ¢; s, is the replicate-level random effect for sequence i in
replicate r of sample s :

Alexandre Wendling Non-Permanent Seminar

(Xi,s,r)ict, = Xs,r ~ Multinomial(ns r, ps,r) (1)

5 -

ES,— [Er [¢i,s r

¢,-7S,, |og( I s, r)

s,r

Gisr = ¢i + bis + €isr

seS;

bis = (Bi), Bi ~ N(ps,, s,

€is,r ™~ N(070i2,S)
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New method
[e]e] lelele]e]

Within-sample variance

For each sample s, we model ¢; s, considering

@i,s = ¢i+ bi s, the mean of sequence i in sample Qis,r = Pis + Eis,r ¢?,s = E/[dis,r] = o Z disr  (7)
S, so that : S =1

We modelize the heteroscedasticity at sample level, so for each
sample s, we model the variance cr,-%s as a function of the mean |oggl.25 = Bo, + Pr.Pis. (8)
¢i,s and adopt a log-linear variance function:

Rs

On the sample s the observed within-sample variance for sequence 2 1 22

i is estimated as: Sw_i,s = R. — Z(‘b' sr— Pis) (9)
o2

following the distribution: s&/_i,s ~S2 s =g ‘_5 1Xf?s_1 (10)

For the global within-sample variance across samples for sequence
i, we define U; ~ U{1,...,|S; |} a uniform discrete random variable S i =5 U~=s (11)
over the samples and define Sw as: '

So that 52 is a uniformly distributed mixture of the SW i,s ACross 5

Sa > s (12)
samples, and we can estimate it by the mean of the observed w_i |5| w_i,s
within-sample variances across samples: S€S;
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New method
[e]e]e] Jelele]

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 ® ~ N'(u, X). For each pair of samples (s,s’), we denote Is ¢ = Is N Iy

s = Els [Er[¢i,s r

(13)

IEIS r=1

Cov(®s, Ow) = |/ssr|R iy Z Z b1 =88 ) (10,0 —05) L) = |155,|R R X Z Z Gisr (14)

i€l g r=1r'=1 i€l g r=1r'=1

To study the between-sample variance of sequence i, we consider the restricted multivariate normal distribution
P, ~ N(,u|s_,):|s,) where p|, and X|, 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 X, through a shrinkage approach :

1

ZTZ, = (1 - )%, + adiag(X) (15)

Finally, the between-sample variance of sequence i is modeled as the variance of the multivariate normal
distribution ®; ~ N (uj5 , X} ).
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New method
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Between-sample variance

The between-sample variance across samples for sequence i, 5,3 ; is defined as:

Sb_i = Var(®;) = E[(®; — E[®:])°] = | & — Pioy|* = Pi) o[ (16)

|5 |S|||(

where P; = (ISL)M - so (I — P;)®; correspond to ®; centered by its mean across samples.
X
We denote Y = (I — P,)®;, s0 Y ~ N(( Pi)iis (1 — P (1 P,-)T) and S ; = | V3|2 follow a

generalized chi-squared distribution. To express this distribution, we can perform the spectral decomposition of
the covariance matrix of Y; : (/ — P)Z‘,(I —P)T = QAQT and we denote

=VALQTY; ~ N(VA1QT (I — P;)p;, I) the isotropic multivariate normal distribution. So finally :

[y

M
Sh_i |||Y|| =—Y'TY:'= ZT

RE] S IS -
IS;] (17)

Sh Z |5|><1 (6k)  where 8 = (VAIQT (I — Pi)uji)i

Ak are the eigenvalues of the covariance matrix of Y; and Jx are the non-centrality parameters of the chi-squared

distribution.
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New method
0000080

Comparison of variance

We can compute several quantities of interest, that could be expressed as quadratic forms such as :
(<} P(S,f_,- < va_,-) . the probability that the between-sample variance is lower than the within-sample variance
for sequence 7, which is a measure of how likely this sequence is to be signal rather than noise.

ISi 2
Ui,s
P(St; < S2.) |5| P (Z |5|><1(6k R NR1< 0) (18)

seS;

o P(va_,- > s,f_,-) : 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.

P(szv_i >5b D) |5| Z ( 1XR5 1> s ,> (19)

) P(Sﬁ_,- < sfv_,-) . 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.

ISi
P(SE_,' <Sﬁ/_i) |5| Z P (Z |5|X1 (sk) <sw /s) (20)

seS;
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New method
000000

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 : .
Var(log(222)) = Var(¢;.s — ;.5) (21)

pJ,S
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Results
00000

Toy example

Frequencies of Sequences Across Samples and Replicates

087 —— Seq1:True —@— Seq3: Noise follow 1

s1 s2 s3 s4 S5 —o— Seq2: True  —— Seq 4 : Noise

RT 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 2 713 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

Frequency
=
b=

i<

0.0 b

Sample 1 Sample 2 Sample 3 Sample 4 Sample 5
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Toy example

Results
00000

s1 s2 s3 s4 S5
Rl Rz R3 Rl RZ R Rl Rz R3 Rl R R3 RI R K3
Seql 23 20 21 | 45 47 47 | 38 20 38 | 9 13 12| 58 67 56
Seq2 56 58 48 | 15 20 14 | 36 35 41 |73 58 6| 6 3 9
Seq3 6 6 2| 7 13 7| 3 10 4| 2 4 1|10 7 13
Seq4 23 13 54 | 13 26 48 | 15 36 7 | 5 3¢ 28 | 35 19 39
First step :
Seq.1 : P(Vintra < Vinter) = 1.00 Seq-2 : P(Viptra < Vinte
020 0.20
015 015
010 010
005 005
000
10°° 10°° 10 10 102 10t 100 10°° 10t 10 102 107!
Seq.3 : P(Vintra < Vinter) = 0.69 Seq 4 : P(Vintra < Vinter) = 0.45
0130 0150
0125 0125
0100 0100
00m 0075
0050 0050
00 0025
oo

107107 1070 1077 107t 100

Alexandre Wendling

0.000
I

p

107

St

00

Non-Permanent Seminar

Frequency

Score

=
3

=
>

=
=

=
i

=
>

005

00

085

00

07

0

065

Frequencies of Sequences Across Samples and Replicates

—&— Seq 1: True
~®— Seq 2 : True

—6— Seq 3 : Noise follow 1
—e— Seq 4 : Noise

i<

Sample 1 Sample 2 Sample 3
Second step :
Precision, Recall and Fl-score P(

Seq 1

Seq 2

Seq 3

— Precision

—— Reaall
— Flscore

000

0%

ok o 1 Seq 1
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Sample 4
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Set‘}l

Sample 5
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Results on mock community data

Example on bacterial mock :

P(S? >5s2) and P(S? < s?)

08
06
v
W 04
z
02
*
'
i
00 % !
00 02 04 06 08

Pis?> )
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Results
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Example on plant mock :

P(SZ<s?)

04

03

02

01

00

P(S? >52) and P(S? <s7)

PIS? > s2)
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Results
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Test on mock community data

Mock Plant ~ Mock Bacteria Mock Fungi
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 S
12 samples, 20 replicates 4 samples, 2 replicates 8 samples, 3 replicates X7
14 species 20 species 19 species §
[a W

Traditional error/correction method

MERGING PAIRED-END SEQUENCED READS [N DADA2 W Obiclean W VSEARCH
flash / obipairing

80%
DEREPLICATION + FILTERING — 7002 4
obuniq + obigrep -c 2 = 6%
i ! i g 0%
o ]

ASV GENERATION ! @ 40%
1 30%
1 GLOBAL CLUSTERING TO 20% 4
GET OTU CENTROIDS 10% o

SEQUENCING AND PCR

1 0% -
ERRORS ELIMINATION, AND 1 vsearch --cluster_size id

CHIMERAS REMOVAL

1
| 90% |
1

[ CHIMERAS REMOVAL ]

removeBimeralenovo

F1 scores
3
53

New step to filter amplicon 0% -
(12-\‘\(\2‘ zx ;?\(\Q‘ zxab
[ AMPLICON FILTERING BASED ON SAMPLE REPLICATES ABUNDANCE VARIATION ] ¥ SE ¢SS
Ay A
& e
& o
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Results
000e00

Results on fieldwork campaign data

: . . Abundance vs Pr filtering of ASV with taxonomic rank assigni
8 French Alps Elevation gradient Site e trasec & 1 bundance vs Proba filtering of ASV with taxono ank assig ed
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Results on fieldwork campaign data

Distribution of taxonomic score

Abundance of sequences across samples

Results
000080

Filtered ASVs based on pairwise probabilities

400 2
< %
I All sequences M X * 1.0155 5 !
S 7.51 ] ® 4
350 Removed sequences S
(] [ - b= * ®
from pairwise analysis 15}
s 5.01 0.8 x
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£ 5.01 A A Example of |
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Taxonomic score O‘a\l 0?’\l ;)el | 0?’\1 0?’\1 Abundance
ample

Alexandre Wendling Non-Permanent Seminar Tuesday, May 5th, 2026 20



Results on fieldwork campaign data

Example of combination of probability

" Signal from a valid taxonomic ASV classified noise
b ] ] ] O i
ol [oNe] ! o o o o ! ]
> i i i
z 2 = =
8 2 g 2
5o ° = °F o
R1R2 R3 R4 R1 R2 R4 R1 R2 R3 R4 R1 R3 R4
PCR
Signal from a valid taxonomic ASV classified noise
12{0 T
1043 o] <
5 gl ° 3 o ©°
2 N N
< 6_01 o N
c , . . — o ,
% R1 R2 R3 R4 R1 R2 R4
3 PCR
g Signal from an unknown ASV classified as biological
> 107> =z = i i
S g3 z 1z z 3 | |
S = 2 =3 32 = [ %
68 8 & = i’ i i %
{ = i i i Al
4 8wy ‘ R
24 » ® £ & =
i i i R R =
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R2R3R4R2R3R3R4R1R4R1R2R4R1R3IR4RT1R2R3R4
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g- » b4 i b . 9 Isolines of
1 i i i %! product of
g_ - Sanplo 3 PR 3 % o 3 ® 3 % probabilities
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Precision-Recall curve, ground truth = taxo score > 0.97

1.09
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0.8
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3 100 =
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504
|
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Conclusion & Ongoing work
[ ]

Current and Ongoing work

Conclusion:
o New approach using PCR replicate information
o Better description of species richness

o Complementary to taxonomic assignment, where there is a bias towards exhaustiveness and
choice of sequence identity threshold

o Possibility of finding ‘unknown’ biological sequences
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