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ABSTRACT: DNA optical mapping is a powerful technique commonly used for structural
variant calling and genome assembly verification. Despite being inherently high-throughput,
the method has not yet been applied to highly complex settings such as species
identification in microbiome analysis due to the lack of alignment algorithms that can both
assign large numbers of reads in minutes and handle large database size. In this work, we
present a novel genomic classification pipeline based on deep convolutional neural
networks for optical mapping data (DeepMAP), which can perform fast and accurate
assignment of individual optical maps to their respective genomes. We furthermore achieve
a superior performance of DeepMAP in the presence of evolutionary divergent sequences,
making it robust to the presence of unknown strains within metagenomic samples. We
evaluate DeepMAP on genomic DNA extracted from bacterial mixtures, reaching species-
level resolution with true positive rates of around 75% and a false positive rate of less than
1%, with measured classification speeds significantly outpacing those of previously
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developed approaches for high-density optical mapping data alignment.

B INTRODUCTION

Recent advances in high-throughput sequencing have had a
significant impact on the study of the microbiome, the
collection of microorganisms that naturally inhabit the
(human) body, including eukaryotes, prokaryotes, and viruses,
and on how its composition relates to host well-being. Its
composition within the human body has been implicated in a
range of health-related processes, such as the effectiveness of
immunotherapy in cancer treatment,’ and is also heavily linked
to obesity.” Currently, the two most common tools for
microbiome profiling are 16s rRNA gene sequencing’ and
whole genome shotgun sequencing (WGS).* While WGS is
able to identify the majority of organisms present within the
sample, it remains an expensive procedure that requires long
run times. 16s rRNA sequencing provides a faster and
comparatively inexpensive approach but cannot be used if
this RNA is not present, as is the case for viruses. Furthermore,
the choice of primers® and amplification bias® may affect the
outcome of this methodology.

DNA optical mapping is another emerging technology for
metagenomic analysis. It relies on site-specific labeling of DNA
molecules, typically by either restriction enzymes’ or
methyltransferases,” and analysis of the distribution of the
labeled sites over the DNA fragments. The technique has been
applied for structural variant detection,” improvement of de
novo assembly,'® and microbial and viral detection."
Structural variant (SV) calling and de novo assembly are
typically performed only with DNA fragments ranging between

© 2025 The Authors. Published by
American Chemical Society

WACS Publications

9224

100 and 500 kbp in length that have a very low labeling
density, which facilitates individual dye localization and
alignment of fragment sizes using dynamic programming
frameworks.'” However, this methodology becomes poorly
applicable in scenarios where the extracted DNA fragments are
significantly shorter or in which dense labeling is required to
distinguish many organisms or closely related variants.

The ability to efficiently analyze smaller and densely labeled
DNA fragments is a crucial requirement for the application of
DNA mapping to areas such as metagenomic analysis.
However, efficient computational algorithms such as OM-
Blast'? or FANDOM'* require that the absolute position of
each individual label can be precisely determined, which in
turn requires low labeling densities (no more than one label
per kilobase) due to the limited spatial resolution of the
imaging. We previously developed an analysis approach that
could achieve recognition also for densely labeled samples
based on calculating the cross-correlation between the
experimental optical mapping trace and a reference sequence."’
However, this analysis requires considerable runtime when
applied to an increasing number of reference genomes and
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encounters difficulties when dealing with lower labeling
efficiencies and/or variations of the DNA stretching along
the fragments.

Applying high-density optical mapping to complex samples
will require the development of more efficient analysis
methodologies. We reasoned that the alignment of an
experimental optical map to the reference genome is analogous
to pattern classification, a task that is very efficiently performed
by machine learning. Convolutional neural networks (CNNs)
have been found to be particularly successful for such problems
and are regularly applied to electroencephalography classi-
fication,"® nanopore signal demultiplexing,'® and the recog-
nition of DNA binding motifs."” Furthermore, CNNs can be
easily parallelized on GPU hardware, offering increased
throughput.

While highly promising, deep learning has found limited use
in the context of optical mapping analysis. Thus far, only large
(150 kbp) DNA fragments could be classified with help of
CNNs, where the CNN localizes individual emitter positions
and therefore requires sparse labeling.'® The state-of-the-art
methods for high-density optical mapping data alignment
furthermore require the presence of the exact strain sequence
in the database. This, however, poses an issue for complex
samples, where isolates might have diverged from their
ancestor by acquiring mutations or developing structural
variations, which causes exact alignment algorithms to perform
poorly. CNNs may well be more robust against such variations
and outperform known alignment algorithms given their
proven ability to generalize across diverse training sets.

In this work, we investigated this approach by developing
“DeepMAP”, an analysis pipeline that classifies sequence-
specifically labeled optical mapping data using CNN models.
We evaluate DeepMAP on genomic DNA extracted from
bacterial mixtures, reaching species-level resolution with true
positive rates of around 75% and a false positive rate of less
than 1%, with classification speeds significantly outpacing those
of our previously developed approach for high-density optical
mapping data alignment. The hierarchical nature of CNNs
allows the algorithm to efficiently process information at both
small and large scale, allowing it to operate on smaller
fragments yet at the same time generalize to larger structural
rearrangements via the intrinsic capability of the network to
consider a broad range of length scales. Furthermore, CNNs
are largely translation invariant, making them robust against
the absence or presence of a particular feature and therefore
mitigate artifacts introduced by deletions or inversions within
the genome. We show an enhanced performance of DeepMAP
in cases in which the exact strain is not present in the database,
showing that DeepMAP can still identify it at the species level.

By providing a computationally more efficient analysis of the
optical mapping data, as well as increased ability to handle
sample diversity, DeepMAP promises to strongly expand the
technology of optical mapping by allowing it to be applied to
the unraveling of considerably more complicated samples.

B METHODS

Bacterial Culturing. Three different bacterial cultures,
Escherichia coli, Salmonella enterica, and Vibrio harveyi, were
grown on LB agar (Invitrogen), at 37 °C overnight for E. coli
and S. enterica, while V. harveyi was grown at 30 °C.
Subsequently, they were inoculated in 5 mL of LB broth
solution overnight. 0.5 mL of the cultured bacteria was first
pelleted by centrifuging at 16,000g for 1 min and resuspended
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in 1 mL of distilled water. The high molecular weight (HMW)
DNA was extracted using the Circulomics kit (Circulomics,
Baltimore US) and the corresponding HMW protocol. Upon
extraction, the DNA was left to homogenize overnight in a
thermomixer at 50° and 300 rpm. The concentrations of each
of the DNA stocks were measured on a Biodrop instrument
before being stored at 4 °C until further use. Complex samples
of bacterial DNA were prepared by mixing these stocks based
on the desired genomic abundances of each of the species. In
total, 3 mixtures were prepared: 1:1 (E. coli/S. enterica), 1:1 (E.
coli/V. harveyi), and 1:1:1 (E. coli/S. enterica/V. harveyi).

MTaql DNA Labeling and Purification. The DNA was
labeled using the MTagl enzyme (recognition sequence §’-
TCGA-3') and the synthetic cofactor MTC-22."” The labeling
mixture consisted of 1 yig of DNA and contained 1x CutSmart
buffer (10x stock, NEB), a 50 4 M concentration of MTC-22,
and a final concentration of 0.175 u g/u L of the MTaql
enzyme. In total, 40 4 L of the mixture was incubated at 60 °C
for 1 h. Subsequently, 1.6 units of Proteinase K (0.8 u/uL,
NEB) was added to the solution, with an additional 1 h
incubation at 50 °C. The DNA was then purified using the
protocol outlined in ref 11 0.02 g of agarose was dissolved in 1
mL of TAE buffer and melted at 70 °C. 27.2 uL of agarose
solution was added to the labeling mixture and incubated for
30 min at 4 °C. Once the solution had gelated, it was left for 30
min in 1 mL of 1X TAE buffer (50X, Thermo Scientific). This
wash step was repeated 4 times, and the buffer was replaced
every time. The plug containing the DNA was then incubated
for 15 min at 70 °C in order to melt the agarose and
subsequently incubated for 45 min with 1 unit of agarose. After
digestion, the droplet containing labeled DNA was left for 90
min to dialyze on top of the Millipore membrane (0.1 y m,
Merck). Once this step had been completed, 2 y L of labeled
DNA solution was diluted 5x and 1 u L of 0.5 M MES buffer
was added as to achieve 0.05 M concentration. The DNA was
then subsequently stretched on the top of a glass slide, which
had been covered with a Zeonex polymer using a procedure
outlined in ref 11

Imaging. The samples were imaged using a Nikon Ti2
Eclipse inverted microscope equipped with a perfect focus
system (PFS), allowing for automated focusing during scans. A
rectangular area of 2 X 3 mm” containing between 500 and 600
images was scanned with the help of an automated stage.
Image acquisition was performed using an oil immersion
objective (NA 1.49, Nikon CFI SR HP Apochromat TIRF
100X Oil) and an additional 1.5x lens, with an exposure time
of 0.4 s per image. The total area per image was 130 X 130
um?” with a virtual pixel size of 78.6 nm/pixel. The recognition
sequence of M.Taql occurs on average every 1 of 256 bp,
resulting in an average distance of 0.15 um between two
adjacent dyes, which is lower than the diffraction limit of
approximately 200 nm. Therefore, the resulting images
contained continuous line signals produced by the optical
maps. The images were subsequently segmented, by first
thresholding the image, and the optical map was obtained in a
similar manner to ref 11, as described in more detail in
Supporting Information Note S1. Only DNA molecules that
had a length of at least 42.3 kbp were segmented from the
images.

Data Simulation. A simulation pipeline was implemented
in order to generate large amounts of data for training the
analysis models, including the effects of common errors
encountered during optical mapping. An overview of the
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Figure 1. (a) Acquisition pipeline of the optical mapping procedure: extracted DNA is sequence-specifically labeled using the M.Tagl enzyme and
is subsequently deposited on a Zeonex-covered substrate. The stretched DNA is imaged under a microscope, and individual DNA molecules are
segmented in order to obtain line profiles of the individual DNA molecules. (b) Analysis methodology: genomic reference sequences are used to
generate artificial line profiles for the corresponding organismal DNA, potentially including nonidealities. These profiles are then used to train and
validate CNNs for classification. (c) Combining the experimental pipelines with the CNN-based classification allows individual DNA fragments to

be assigned to particular species.

simulation pipeline is given in Figure 1. The overall simulation
pipeline is discussed in Supporting Information Note S2.
Briefly, reference genomes for the organisms used here were
retrieved in the FASTA format from the NCBI database using
the accession codes listed in Supporting Information Table S1.
From these genomes, randomly positioned fragments were
used to generate synthetic optical maps by converting the
recognition sequences into a sparse array of dye positions. To
simulate labeling imperfections, modifications such as
variations in DNA stretching and labeling efficiency were
added into the simulation pipeline. We additionally imple-
mented a local randomization of the dye positions within a
small window in order to provide the models with increased
training diversity with the goal of matching closely related
species such as different strains of a given organism. Although
the simulations captured the majority of variation present in
the optical mapping pipeline, gauging some of the experimental
variations proved to be complicated, and therefore, these were
not included in the simulation pipeline. These include errors
stemming from improper focusing of the PFS during scanning,
variation of the PSF across the field, and nonlinear variation of
the stretch factor.

In addition to the optical maps calculated from actual
genomic sequences, we also generated optical maps from
entirely randomly generated sequences with label densities
ranging from 1 to 6.8 labels/kbp, in line with the site densities
typically found in bacterial genomic sequences. These were
then used in training as a model for optical maps not arising
from one of the reference species.

Data generation for the training and validation data sets
(95/5 split) was handled separately as to avoid any overlap
between both. The amount of training data has an effect on the
generalization performance of the network. The optimal
amount of sampling required for training our classifier is
further discussed in Supporting Information Note S3. Each of
the networks was trained using an adaptive moment estimation
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(ADAM) optimizer (learning rate: 107°) with a batch size of
256 traces. Binary cross entropy was used as the loss function.
The loss for training and validation was stored upon the end of
each epoch. To obtain an optimal set of weights, early stopping
was used, and the set of parameters corresponding to the
epoch with the lowest validation loss was selected.

B RESULTS AND DISCUSSION

A conceptual overview of the proposed analysis methodology
is shown in Figure 1, consisting of the acquisition of
experimental optical maps (Figure 1a) that are then analyzed
by using DeepMAP (Figure 1b). The experimental data
generation strategy has been described in detail in the
Supporting Information Note S2. Briefly, DNA is first
sequence-specifically labeled with fluorescent labels. The
labeled fragments are then stretched on a cover glass and
visualized using fluorescence microscopy. The resulting images
are analyzed in order to obtain line profiles showing the
observed fluorescence intensity along each fragment. The task
of DeepMAP is to compare these profiles with synthetic
profiles generated from genomic sequences of particular
organisms in order to determine whether DNA from these
organisms is present within the sample and, if so, what their
abundance is. To do so, we apply CNNs that have been trained
on simulated line profiles calculated from the genomic
sequences of the organisms in question in order to recognize
corresponding DNA fragments within the optical mapping
data.

A key requirement for CNN-mediated analysis is the
availability of a large amount of data for training. While it is
theoretically possible to use experimental data sets, acquiring a
large number of optical maps is time- and resource-intensive
and may be difficult to achieve on species that cannot be
cultured directly.”® As a result, we started by developing a
simulation framework that allows the generation of simulated
optical mapping fragments given an input genome sequence,
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Figure 2. (a) Outline of the architecture for the single CNN, depicting the kernel sizes (k), the number of filters, and the topology. (b) ROC curve
for the experimental (E. coli) and simulated data, with the control being a data set from S. enterica. (c) Training curves for the network: accuracy
and model loss for validation and training data. (d) Effects of variations of the stretch factor on the ROC based on the simulated data.

augmented to account for common experimental imperfections
such as missing labels or mislabeling. These data are then used
for both training and validation of the network.

The optical maps generated with our experimental approach
have a high degree of local correlations, particularly due to
diffraction limited imaging by the microscope, while in the
long-range, these are mostly uncorrelated. Accordingly, we
selected a CNN for this work since a CNN encoder should be
efficient in compressing the data prior to classification. The
encoder part of the CNN architecture was based on
architectures that were shown to work well in previous work
based on pattern recognition and DNA sequence classifica-
tion.'® We compared 4 different architectures, as is detailed in
Supporting Information, ultimately selecting the network
depicted in Figure 2a. This network consists out of 26 1D-
convolutional layers with a fixed kernel size of 3 and
exponential linear unit (ELU) activations. The commonly
used rectified linear unit (ReLU) activation was not used in
our approach in order to circumvent the dying ReLU problem
encountered in the deep CNN.”*

The training of each network was performed as described in
the Methods section of this work. We initially focused on a
binary classification approach, where the neural network is
provided with a line profile from an optical map and asked to
classify whether this map originates from the reference genome
on which the network was trained. By thresholding the final
score, we can obtain the class of the fragment. If it indeed
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originated from the reference genome and is correctly classified
by the CNN, then it is regarded as a true positive (TP). The
respective true positive rate (TPR), or the sensitivity, is defined
as the ratio of the number of fragments from the positive class
correctly assigned to the positive class to the total number of
positive class fragments in the test data set. If the CNN
recognized a map from another organism, then this is regarded
as a false positive (FP). The respective false positive rate
(FPR), or 1-specificity, is then defined as the rate of falsely
identified fragments from a negative class as a positive class to
the total number of negative class fragments in the test data set.
If the score of the optical map does not meet a particular
threshold, then the optical map is considered to be unassigned.
This threshold was chosen based on the receiver operator
characteristics curve (ROC), constructed from experimental
validation data in Figure 2b, so as to maintain a false positive
rate of less than 1%. The network model used in this work is
shown in Figure 2a with its training loss depicted in part 2c. As
expected, the network becomes more accurate for each training
epoch, though overfitting becomes apparent as well. In order
to minimize this, we have trained the network for a fixed
number of 20 epochs as during experimentation, the network
started to overfit beyond this number. We selected the set of
weights with the lowest validation loss from all epochs
(Supporting Information Table S4). The ROCs for exper-
imental (E. coli data set) and simulated data sets are plotted in
Figure 2b, with the corresponding experimental and simulated
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S. enterica controls. The sensitivity for simulated data reaches
98%, while the experimental data show a sensitivity of around
75%, similar to cross-correlation. Both show an excellent false
positive rate, indicating a highly specific classification perform-
ance.

Our CNN architecture required us to specify a fixed size of
the DNA fragment length. The majority of extraction protocols
are able to yield fragments ranging from 20 to 60 kbp, although
longer lengths typically require careful sample handling and
often complicated extraction procedures. Shorter fragment
lengths, on the other hand, lead to reduced experimental
requirements but are likely to reduce the sensitivity and
specificity. We explored this effect by training various CNNs
on simulated optical maps calculated from the E. coli genome,
supplemented with simulated maps from S. enterica that
allowed us to estimate the false positive rate. An overview of
these results is given in Table 1. We chose a fragment length of

Table 1. Effect of the Input Length on the Sensitivity and
False Positive Rates at a Fixed Threshold, Evaluated on
Experimentally Acquired Optical Mapping Data from E. coli
MG1655 and a False Positive Control Constituting
Experimental Optical Maps Originating from S. enterica

input length model loss sensitivity (%) FPR (%)
34.2 kbp 0.1075 66.9 3.6
42.3 kbp 0.0435 71.9 1.7
47.7 kbp 0.0187 77.6 1.1
§5.1 kbp 0.0096 78.0 0.3

42.3 kbp as a compromise between an acceptable false positive
rate and what can realistically be obtained with state-of-the-art
high-molecular-weight DNA extraction methods. Since the
experimental segmented data contained optical maps that
exceed the input length of 42.3 kbp, we have cropped these to
the required input length. However, if the cropped map is
classified to a genome g; by the CNN, the entire length of the
uncropped optical map (in kbp) is assigned to the genome g
so as to avoid data loss.

We also explored the influence of DNA stretching on the
classification, reflecting variations in the local flow of the
droplet during deposition on a Zeonex-covered slide. Typical
stretch factors range from 1.68 to 1.75."" We found that the
trained CNN is able to perform well on a variety of stretch
factors even when trained on a single stretch factor; thus, only
a single stretch factor of 1.75 was chosen for training and
validation, minimizing the amount of data and training times
required. The ROCs for various simulated stretch factors are
plotted in Figure 2d.

We then compared the previously developed cross-
correlation approach'’ with the CNN-based methods intro-
duced in this work by applying these to experimental data sets
containing DNA from a single bacterial species. To deliver
acceptable performance, we optimized the cross-correlation
approach so that it could deal with bacterial genomes, which
are much larger than the viral genomes to which this method
was previously applied to. The changes made as part of this
optimization are detailed in Supporting Information Note SS.
The comparison results for E. coli and V. harveyi are plotted in
Figure 3a,b. The sensitivity for the CNN classifier is given in
Figure 3d. The genomic abundances for both chromosomes of
V. harveyi are also plotted in Figure 3¢ and correspond well to
the reference abundance of the chromosomes. During this
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analysis, we have omitted the additional plasmid in the genome
of V. harveyi due to its small size (0.09 Mbp) in comparison to
the chromosomes (3.77 and 2.20 Mb). We have calculated the
relative genomic abundance of genome g; as follows

X lengths of fragments assigned to species i

i 2 lengths of fragments assigned to all species (1)
the ratio between the sum of lengths of optical maps assigned
to that genome and the total length sum of all optical maps
assigned to all genomes. Fragments that were assigned to the
random category were considered as unassigned and therefore
removed from the relative abundance calculation.

Although both approaches perform well on experimental
data and are able to recover the relative abundances, the
sensitivity of the proposed CNN method is lower than that
achieved with cross-correlation (Figure 3b and Table 2). The
sensitivities of the networks also appeared to differ slightly
when applied to optical maps from different bacterial species
(Figure 3d), indicating that some reference genomes lead to
optical maps that are better suited to recognition by these
CNNs, potentially introducing bias. Compared to cross-
correlation, however, the CNN-based approach is much
more computationally efficient, outperforming the cross-
correlation approach by a factor of 10* in classification speed
(see Table 2). Given an input length of 42 kbp and a measured
classification speed of 0.6 ms per single fragment (evaluated on
a single Nvidia Quadro P4000 GPU), the overall time to
classify 1 Gb of genomic material is around 15 s for the single
CNN classifier. For a modest database of ~1000 genomes, this
yields a classification time of ~4.2 h.

We wondered to what extent the CNN-based analysis could
recognize different organismal strains in cases in which the
exact strain is not present in the database. We simulated such a
case in Figure 4, applying the E. coli K-12 MG1655-trained
CNN to the analysis of E. coli O157H?7 str. Sakai and O103H3
str 12009, with which MG1655 shares 97.86 and 98.37%
average nucleotide identity (ANI), respectively. We also
compared with the result of cross-correlation with K-12
MG1655. We have constructed the ROCs by sampling optical
maps uniformly from the genome of each strain, which were
treated as true positive class. The false positive class included
optical maps that are randomly generated with label densities
ranging from 1 to 6.8 labels/kbp. If an optical map from an E.
coli strain was classified by the CNN as E. coli, this map was
considered as part of true positive class. However, if a
randomly generated optical map was classified as E. coli, this
map was considered part of the false positive class. The ROCs
for this analysis show an enhanced performance of CNNs in
recognizing such strains compared to that of cross-correlation,
reaching up to a 2X increase in TP rate, while maintaining the
same FP rate (see Figure 4a). To realize this performance, we
added additional shuffling during the generation of the training
data, as described in the Methods section. To visualize this in
more detail, we plotted the matched positions within the
genome for both classification approaches and compared them
to full genomic alignment computed with Mauve™ of str.
O157H7 to K12 str MG165S (Figure 4b). The improved
performance of DeepMAP is immediately clear, especially for
regions that are broken up by insertions. These can still be
matched with our DeepMAP approach, while the cross-
correlation is not able to obtain proper alignments. This shows
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Table 2. Summary of the Performances of the CNN
Ensembles in Absolute Numbers of Classified Traces for
Each of Single Species Datasets”

total
data set maps true positive false positive  time per map (s)
CNN X-Corr CNN X-Corr CNN  X-Corr
E. coli 1111 777 897 6 7 0.0006 0.93
S. enterica 544 336 406 9 10 0.0006 0.87
V. harvey 648 408 424 7 7 0.0006 0.86

“The number of maps differs between various genomes due to the
variations in deposition density. We further pooled the analysis from
both CNNs for two chromosomes of V. harveyi together. Measured
times per single optical map are also given, showing a better
performance of CNNs than that of the cross-correlation approach.

that the CNN-based approach can recognize divergent genome
sequences at the species level.

We next investigated the possibility of applying the CNNs to
the analysis of experimental datasets containing known-
abundance mixtures of genomic DNA from various species.
We created multispecies samples by simply mixing the
precalculated amounts of extracted genomic DNA from
corresponding bacteria. In principle, the analysis of such
mixtures can take place in two ways: an ensemble containing
multiple CNNs trained for individual species can be applied to
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the same dataset, with each CNN determining which of the
DNA fragments originates from “their” species and which ones
cannot be matched, assigning the fragment to whichever of
these “single-class” CNNs calculated the highest score. A
second strategy is to train a single CNN that can distinguish
between multiple different species, known as a multiclass
classifier.

We initially investigated the use of multiple single-class
classifiers. Figure Sa—c shows the analysis results for three
different mixtures as well as the analysis results obtained using
the previously published methodology based on cross-
correlation. The composition determined with CNN ensem-
bles shows a deviation from the expected DNA content.
Despite this deviation from the expected abundances, the
CNN results are in agreement with the results obtained with
cross-correlation, showing a near one-on-one correspondence.
We conclude that while the current analysis strategies do not
fully reproduce the expected species distribution in the sample,
the CNN-based methodology matches the performance of the
cross-correlation-based approach while being several orders of
magnitude faster.

The performance of the multiclass classifiers is further
investigated in Figure 6, starting with the training and
validation losses in Figure 6a. We performed a separate
evaluation on the V. harveyi and bacterial mixtures and
compared the results with the cross-correlation results. We also
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report the classification metrics on the E. coli dataset, which
served as the benchmark for the single genome CNN classifier.
These results are plotted in Figure 6b and show a reasonable
correspondence with the cross-correlation results for 3 out of 4
datasets. The predicted relative abundances are nearly
identical, differing by a few percent from those predicted by
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cross-correlation. The offset from the real target abundances
can be similarly explained by experimental error. The CNN
ensembles yield similar results, as can be inferred from Figure
S. However, as can be seen from the pie chart, the sensitivity
drops by =20% with respect to the single genome CNN
approach, making the multiclass classifier less sensitive in
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comparison. With the current implementation, an ensemble of
single-class specifiers yields the highest classification accuracy
when compared to a multiclass implementation. However,
multiclass architectures can in principle handle the classi-
fication of more than four species simultaneously, though this
would require an extensive architecture search to determine
the optimal hyperparameters of the network since training the
network on classifying more information becomes increasingly
difficult with an increased number of genomes.

B CONCLUSIONS

In this work, we have introduced deep CNN classifiers as a
strategy for the classification of maps produced from optical
mapping experiments. We find that this approach delivers a
classification sensitivity similar to that of an established
approach relying on cross-correlation but delivers a speed-up
of several orders of magnitude.

The current implementation can take advantage of this
efficiency to deliver good scaling with respect to the size of the
reference database, yielding a total of 4.2 h classification times
for 1 gigabase of data (approximately 24,000 DNA fragments)
with a database size of 10° genomes. Multiclass classifiers can
help further improve this performance, though we here found
that this led to a small increase in the false positive rate. This
could be compensated by adjusting the threshold on the final
score provided by the CNN, at the cost of the sensitivity, or
potentially revisin§ the training method to take advantage of
transfer learning.””*!

In principle, the training data for the CNNss can be provided
from actual experiments performed on single-species samples
or using simulated data generated by an appropriate simulation
framework. The use of simulations offers the advantage of fast
and convenient data generation and can also generate data
when culturing of the required species becomes difficult or
infeasible. Our results show that the use of such simulations
readily results in good to very good performance by using
comparatively modest effort. The utilization of random
fragments as data for the second class could potentially be
replaced by more rigorous open-set classification approaches,
such as ones based on class modeling®” or open-set CNN
classifiers.”®

A further advantage of CNNs is that this approach also
provides comparatively straightforward adaptation to non-
idealities such as lower labeling efficiencies, mislabeling, or
heterogeneity in the DNA stretching, by incorporating such
features in the data used to train the network. This flexibility is
much more difficult to implement in classical algorithms. This
is partially due to the increased depth of our convolutional
encoder and average pooling layers before the classifier. The
increased depth of our CNN model aids in better feature
extraction from the optical maps, while the average pooling
layers allow for increased information retention, which results
in an enhanced classification performance and better general-
ization to experimental errors. We took further advantage of
this ability by training the network to recognize evolutionarily
divergent sequences. One disadvantage of the CNN-based
approach, however, is the requirement for fragments to have a
fixed length, here, 42 kbp, which requires shorter fragments to
be discarded and longer fragments to be artificially cut. A
possible way to circumvent these issues would be to utilize
neural network architectures that are insensitive to variations in
length input, such as recurrent neural networks; however, this
may come at a cost of classification performance.
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In conclusion, we have presented DeepMAP, a novel
genomic classification pipeline based on deep CNNs for
optical mapping data, which is able to perform fast and
accurate assignment of individual optical maps to their
respective genomes. We expect that DeepMAP can enable
the application of optical mapping to much more complex
samples, by offering much faster processing as well as the
ability to adapt to the particulars and perhaps nonidealities
present in the sample or preparation procedures.
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