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Abstract

Nanopore sequencing provides a great opportunity for direct detection of chemical DNA modification. However, existing

a 7 bacteria, b

computational methods were either trained for detecting a specific form of DNA modification from one, or a few, specific 46 motits: Figure 1: Schematics for method design and

sequence contexts (e.g. 5-methylcytosine from CpG dinucleotides) or for allowing de novo detection without effectively + 5mC:11

4mC: 7

applications. (a) Using isolated bacteria with a

wide variety of methylation motifs we explore

9 species the signal of DNA methylation in nanopore
sequencing and characterize the major types of
e DNA methylation (4mC, 5SmC, and 6mA). We

ATt ' de novo motif detection, observed a large variation and complex
:i'ral:f::;at@’”' and heterogeneity of current differences (native
PPing versus WGA) between methylation sequence
context, which motivated us to develop a broadly

4mC?

differentiating between different forms of DNA modifications. As a result, none of these methods supports de novo, systematic
study of unknown bacterial methylomes. In this work, by examining three types of DNA methylation in a large diversity of
sequence contexts, we observed that nanopore sequencing signal displays complex heterogeneity across methylation events
of the same type. To capture this complexity and enable nanopore sequencing for broadly applicable methylation discovery, we
generated a training dataset from an assortment of seven bacterial species and developed a novel method that couples the
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Individual bacteria

Current differences
o
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identification and fine mapping of the three forms of DNA methylation into a multi-label classification design. We evaluated the eterogoneons ] ?}feptﬁ;i‘:tliin ;f;gt‘;gjciﬁcf";eth‘;;ﬁ;fgf;ie iy
method and then applied it to individual bacteria and mouse gut microbiome for reliable methylation discovery. In addition, we methylation signature 5mC, and 6mA) and fine mapping of the
demonstrated in the microbiome analysis the use of DNA methylation for binning metagenomic contigs, associating mobile Modification Type Motis g(l)erggleaﬁgﬁsivebaser-nethg‘é) e"v"aeluatigﬁffmgﬁg
genetic elements with their host genomes, and for the first time, identifying misassembled metagenomic contigs. This novel ,;‘.r‘, | i . S — demonstrated the application of our method for
method has broad utility for discovering different forms of DNA methylation from bacteria, assisting functional studies of R :‘:J .ef,,‘ Ry > methylaton tying Microbiome ;r;eetctzlsauz);l discgvels'%eirizrsl; lgigld;eiucrz%ci(t)e;llssl
epigenetic regulation in bacteria, and exploiting bacterial epigenomes for more effective metagenomic analyses. Those TR L - I Methylation discovery from (hethylation motif detection, classification, and
methods are available through our new tool, nanodisco. At i1 Which boss 1s methylateds methylation-enhanced fine mapping), as well as methylation-assisted

% : metagenomic analyses m.etagenomlc.anal.ysls (methylatlon binning and
Preprint: https://www.biorxiv.org/content/10.1101/2020.02.18.954636v1 e mati misassemply identification)

Nanodisco software, documentation, and tool showcase: htips://github.com/fanglab/nanodisco
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1. Heterogeneous signal variation induced by
DNA methylation in nanOpO re SequenCing Methylation motif detection: We build on existing methods™ 2 3. In brief, 1) current

levels are compared between native and WGA datasets for each genomic position; 2)
p-values are combined locally with a sliding window-based approach followed by peak

Strong

Current differences W

Generating methylation motif signatures: In order to comprehensively examine the variation of detection: 3) flanking sequences around the center of peaks are used as input for 0. methylation
different types of DNA methylation within a broad scope of sequence context as measured by nanopore MEME m’otif discovery analysis. Overall, 45 of the total 46 well-characterized effect range
sequencing, we collected 46 well-characterized unique methylation motifs from a set of seven bacterial : ) ' ' ) 4mC
. S . : : . ) ) methylation motifs from the seven bacteria were successfully re-discovered.
species with diverse methylation motifs (Table 1; see preprint for details). After sequencing both native y y ttttttaGCECtgtctttaacaaattgtttcaagecgTCrTCatagaaataagtctctTECAgEtgggtta °ff_s3et5 5mC
and unmethylated (obtained after whole genome amplification, WGA) libraries, read events and . : i : i : . 2 EmA
ated tlevels (b A lianed to ref ina N lish! Aft De novo methylatlon.r.not_lf typlnq anq fine mapping (see preprln.t for details): Iraining k
associated current levels (picoampere, pA) were aligned to reference genomes using Nanopolish®. After Methylation type classification (i.e. identify the type of DNA methylation) and vectors +2
normalization and filtering, current differences between native and WGA datasets were computed for methylation fine mapping (i.e id.er;tify the position of the methylated base) are coupled )
each genomic position. To examine the variation of current differences across different DNA methylation oroblems that need to be a;-)p.ro ached simultaneously. Although the methylated base is Motif types Signatures
types and motifs, we extracted current differences around each methylated base ([-6 bp, +7 bp]) and not always at the center of the current differences (Fig-; 2a), we did observe a relatively b 4mC >me 6mA T c /7< LoOCV
?Omptl;]ted thti T(?[thdylstlon motif sl,:|.gnaztures (i.e. distribution of current differences at relative positions narrow window of no more than +/- 3 bp offsets from peak centers across the 46 well- - — I iy ﬁgdata
rom the methylated bases, see Fig. 2a). characterized motifs. This motivated us to design a novel multi-label classifier training ——tH |=—=IH | = (Im] - v motifs) (holdout motif)
strategy in which each well-characterized methylation occurrence is represented by —— — |2 -
Organism name Library type Yield (bases) Coverage multiple features vectors (of length 12) with offsets relative to the known methylation | — I =} |& aa‘;cmg
el o . Native 792.809.181 186 position (+/- 3bp; Fig. 4a). Each methylation occurrence from a wide range of sequence Motif 2 —— I == g i ot
acillus amyloliquefaciens WGA 503.886.527 117 Table 1: Nanopore sequencing context is learned 7 times by the classifier, each time using current differences at a — == |[i v
, L Native 806.872.641 152 dataset coverage used for motif specific offset from the methylated base (Fig. 4a,b). For a given test sample with i : g —
b 2 1 b 0 1 1 g g . . . B o CI f
Pactius fusiormis 1220 WGA 540,826,143 100 gﬁgec{{% Aﬁ‘n&gﬁsg};ﬁ:négﬁz unknown methylation type and unknown methylated position, the classifier will first use | — 1t =} |* il
Clostridium perfringens ATCC 13124 Native 869,572,490 245 Amplification)  libraries  were the center of current differences as an approximation of the methylated position and Mot == T o
WGA 598,911,051 128 prepared and sequenced on the then predict the methylation type and the exact methylated position. This is the core —/ [ I
Escherichia coli K-12 substr. MG1655 Native 989,844,145 200 MinIONé1 AV.erag?3 Cdovellfages were design of our method that enables completely de novo methylation typing and fine oottts — L2 —
WGA 1,003,753 854 200 gozrgp(;“e oo etggr;eg‘(’)f“g)n mapping, which is critical for practical applications to unknown bacterial genomes. assifier evaluation
Helicobacter pylori JP26 \ljvagr gzg’ggg’gig 388 E. coli ;’nd H pylo,%- datasets were Performances from nine different classifiers were evaluated using leave-one-out cross d [ smemar | [ cemars | [ osmooces || smooge | oommoak ||  wamotre |
; e downsampled to 200x. validation strategy (LOOCYV; Fig. 4c¢). Overall, k-nearest neighbors, random forest, and < Noural Network
y . Native 868,956,831 230 : : 0 : 5| HES EEEE Fando Fores!
Methanospirillum hungatei JF-1 ST 428’552’409 BF neural network had relatively better performances with at least 95.7% of motifs K-nearest Neighbors
. Native 445,185 393 194 eetiieely Byfpee) eme Hine meppes (A Aol ¢ EEE j;ﬁﬁ W j;ﬁﬁ oo % aion e &
Neisseria gonorrhoeae FA 1090 ———~ & Kenearest Neighbors 8
WGA 397,951,671 168 . L , , , , ¢
Figure 4: Classification and fine mapping of three types of DNA methylation. (a) Schematic o EHIEE Eam. zeu;al et
Characteristics of methylation signal: The methylation motif signatures were further processed with t- representation of dataset building for classifier training. (b) Each training vector is labeled with the < Knearest Neighbors

corresponding methylation type and offset used (current differences flanking 183,818 methylated bases AT T AGMAT C6mAT G C5mCG C G G 5mCC G G C C A4mCG K T 4mC T T C
from 46 distinct motifs were used). (¢) Classifiers performances were evaluated using LOOCV. (d) Subset
of LOOCY classifier evaluation results from 6 motifs.

SNE to visualize signal characteristics (Fig. 2b). A general clustering pattern is seen where methylation
motif occurrences from the same methylation type tend to cluster together (Fig. 2c¢), although there are
apparent overlaps. Importantly, we observed that current differences associated with different
methylation motifs of the same methylation type often form different clusters, some individual motifs form
distinct sub-clusters, i.e. current differences generally varies between different motifs of the same

methylation type (e.g. TAMCTTC; F.ig._ 2b,c), and even between methylation events within the same 3_ Methylatlon discovery from mlcroblome and methylation_en hanced
methylation motif (e.g. GGW5mCC; Fig. 2a,b). ]
metagenomic analyses
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a Subset of motif signatures b
> Methylation binning (see preprint for details): Metagenomic assembly often results in a | | |
2 . o . . . [ m|
5 fragmented genomes where contigs are short hence including only a limited number of il ﬁ%f@ T 7 T ﬁm_ﬁﬁm [TP1 e o LA (2 0 R T
= occurrences of each motif. This makes methylation motifs discovery statistically o _===S5 - E- =y = = - == =
& underpowered if each metagenomic contig is examined separately. Recent work by -_I HE = - == - = B E
- Beaulaurier et al. demonstrates that microbial 6mA DNA methylation can be exploited to " E - f - f_ = = P =B
2 enhance the grouping of metagenome contigs (i.e. methylation binning) using SMRT S iE .! — = =5 5 = = £ o =E
8 § sequencing®. Instead of trying to discover precise methylation motifs from individual contigs, & I = B-- = = ! __
% S methylation features are computed for each contig and those are grouped into bins based SE= — e 2 Ll SE == . e e -
K ; ;3 on methylation profiles similarities. We developed a new methylation binning approach o =l = =1 = ==’ - - = =1 -F =i
£ z specifically for nanopore sequencing data considering the fundamental differences from E = —::=="F= E = e == 5 =
3 < SMRT sequencing: 1) the methylation signal span multiple events near methylated bases =" “E E ==°" = ——— & {:E === = E =
(Fig. 2a) rather than confined to a single base as in SMRT sequencing, 2) the sensitivity to B  m
3 5mC in addition to 6mA and 4mC (weak 5mC signal in SMRT sequencing). To summarize, Niethylation foature values
< . c
E after de novo assembly of the metagenome using nanopore sequencing data oply, curr.ent T N —
3 differences are computed and further processed to construct a methylation profile matrix gut microbiome samples. (a) Heatmap of o
L (Fig. 5a; see preprint for details). The methylation profile matrix contains methylation the methylation profile matrix using a b MeiYiatenbinning of MGM B i+ (e
8 = features from informational motifs, which can then be used in a clustering analysis based on ~ subset é’f methylit}on . feature VEFUGS B s (acerioaon
5543290123456 7 the similarity of methylation profile among contigs. computed across binned contigs irom B in s Bacorodaen
Distance from methylated base MGMI1 sample. Significant methylation Bin 6 (Bacteroidales)
c features (IpAl > 1.5) were computed from B o bacteroiaes
- We apply our methylation binning method to MGM1, a mouse gut microbiome sample the 80 de novo detected motifs in the 13 B 5 10 (acracies
(Table 2). The initial automated binning revealed ten bins which were further refined by lf”ns (see b). MlSSllng meﬂlllylatlog feamﬂ?i M sin 11 Beceroials
three round of per-bin motif detection followed by guided methylation binning (i.e. using de Orfcrgﬂerfczgt)lgzre (ceosli)re dt . arey mcét,;) s B oy 0
novo discovered methylation motifs). The final methylation binning round was performed Methylation ~ binning  of  MGMI , A Contig type
using 80 de novo detected methylation motifs and revealed thirteen bins containing from 3 metagenome  contigs using de novo A pigvecig
Motifs: to 43 contigs in each (Fig. 5b). discovered motifs (after three rounds of Contig length
4mCCGG B Cs6mAG B GATSmC B GTA4mC binning followed by motif discovery). 25000
N ;‘ngéf = Slﬁli"&ﬁﬁmm =§§2$2‘N’Eﬁmﬁléc = EISLZEQZ Sample  Library Yield (b Number of Contios N50 Longest Methylgtlon features : computed .from de @ O tooone
B A6mACNNNNNNGTGC | G5MCCGGC B GCYYGEmAT B RG5MCGCY name type ield (bases) contigs R contig novo discovered motifs are projected on O - 1000000
=2$¢:]6C;1FAT =ggmg€vgc =ggi?fnfcc =Ié2g:n10 two dimensions using t-SNE. Contigs are
W C5mCGCGG GEMAGG B GGNN5mCC TCNNG6mMA Native 5,022,756,117 colored based on bin identities with point
I c5mewGG B GemAGNNNNNTAC [l GGTGBMA M TGCemA MGMI 2,905 47,250 1,116,461 sizes matching contig length according to
C6mACNNNNNRTAAA [l GEMANNNNNNNTAYG [ll GGW5mCC B TTTemAYNNNNNGTG WGA 3.140.343.539
B ComATG G6MATC B GMRGEMA VGACEMAT ’ ’ ’ the legend.
. , I CCA4mCGK GASMANNNNNNTRG  [] GT6mAC Table 2: Nanopore sequencing dataset for microbiome analysis. MGMI1 is mouse
Methylation types: [ 4mC Ml 5mC [l 6mA B CRT6mANNNNNNNWC Bl GABMATTC GT6mANNNNNCTC . 5 ) : : ) ) ) :
gut microbiome sample. Misassembled contig (SMRT Bin 7 PDYJ01003082.1) High confidence contig (SMRT Bin 7)
. .. . . . . o 37
- . , e . CDNA methvlat " , . Mobile genetic element binning: Methylation binning also permit to link mobile genetic 5 -
}gure : Systematic examl.natlon of three main types o m.et y ation with nanopore sequencing. (a) Variation of current elements (MGESs) to their host genome as they share methylated motifs and therefor 3
differences across methylation occurrences as illustrated by motif signatures from three motifs (AG4mCT, GGW5mCC, and thvlati fil W ble to bin 4 of the 8 tated MGEs f MGM1 | 2 Subsetof
GCYYG6mAT). For each motif, current differences near methylated bases ([- 6 bp, + 7 bp]) from all isolated occurrences are NN a [T [oIre I Sl WS W,ere 2 e 2 m_ AIUE @ elnlieizlis 2 Ul Sl z (|| mothyation motls
plotted with conservation of relative distances to methylated bases. Distributions of current differences for each relative according to their methylation profiles (Fig. Sb; 11 out of 19 from SMRT assembly not :E: | M conca
distance are displayed as a violin plot. Current differences axis is limited to -8 to 8 pA range. (b) Variation of current differences shown). £ B cence
across methylation occurrences as illustrated by projection with t-SNE for 46 well-characterized motifs. Each dot represents ° Ml Teree
one isolated motif occurrence colored by methylation motif. For each motif occurrence, current differences from 22 positions Detection of misassembly (see preprint for details): In a nutshell, the methylation pattern ? ] | | ] | | | |
near me?thylated bases ([- 10 bp, +.11 bp]) were u§ed. (¢) Similar to b but colored by DNA methylation type with additional IS expected to be |arge|y consistent across different regions of an authentic metagenomic 400000 800000 1200000 égg(t)izogosition 500000 1000000 1500000 2000000
processing to reveal cluster density indicated by relief. contig. Following this rationale, we computed scores representative of the methylation . . . . . . . .
_ : ) _ Figure 6: Misassembly detection using methylation motif information along contigs. Left panels:
_ " _ _ o _ o _ status fo_r de novo detected mo_t"c along the contigs. We discovered tWO_ coptlgs fr_om SMRT  misassembled SMRT Bin 7 contig (PDYJ01003082.1). Right panel: properly assembled SMRT
Further analysis of motif signatures suggests that this across-motif and within-motif variation can be in a sequencing based metagenomic assembly of the MGM1 sample showing inconsistent Bin 7 contig (PDYJ01000763.1). Using a subset of de novo detected motifs from Bin 7, a score is
large part explained by sequence variation from degenerated position in motifs as well as sequences intra-contig methylation status (Fig. 6, 2" contig not shown). By comparing methylation computed for each motif occurrence by taking the average of absolute current differences from
flanking the consensus motifs (Fig. 3). Fig. 3a shows an example where signature sub-clusters for a patterns from methylation motif sets from the other bins, we found that the contigs in six consecutives positions with the most perturbation. Smoothed methylation scores are

consistent in the high confidence contig (right panel), while a switch of methylome occurs near

omC motif (GGWS5SmCC) can be partially explained by sequence diversity near methylated bases question are chimeric contigs from two distinct Bacteroidales species. 00 Ly eyt T cadstones off mlksssomlily,

(within-motif sequence variation). Similar observations were made with respect to sequence variation
outside of consensus methylation motif (GAT5SmC; Fig. 3b).

ad t-SNE projection of GGW5mCC motif signature b t—-SNE projection of GAT5mC motif signature Figure 3: Local sequence CO n c I u S i O n Ac kn OW I ed g m e n ts Refe re n ces

< context effect on  motif
signatures. (a) independent t-
SNE projection of GGW5mCC
motif occurrences with cluster
density displayed as relief.
Clusters are colored according
to degenerated base within the
methylation motif. (b) Another
example of sequence-dependent
variation for GATSmC motif
occurrences displayed after
independent t-SNE projection
with cluster density displayed
as relief. Clusters are colored

GGA5mCC GGT5mCC GAT5mCa GAT5mCc according to the first base
GAT5mCg GAT5mC following GAT5mC motif.
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« DNA methylation of the same type have great variation and heterogeneity
in nanopore sequencing suggesting that a broadly applicable method for
methylation discovery is best trained using a comprehensive dataset with
methylation motif diversity rather than a dataset of one or few specific
motifs.

* Nanodisco enables the de novo characterization of unknown bacterial
methylomes from both individual bacteria and microbiome samples
(95.7% of motifs correctly typed and fine mapped) with our new
methylation motif classification-based method.

« Nanodisco enables methylation binning of metagenomic contigs and
linking of MGESs to host genomes building on the method reported for
SMRT sequencing.

« Nanodisco enables the identification of misassembly in metagenome by

visualizing methylation patterns along assembled metagenomic contigs.
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