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Abstract 

Synthetic combinatorial DNA libraries are widely used to produce protein variants, 

optimize binders, and for high-throughput studies of protein-DNA interactions. The 

libraries can be made by researchers or vendors, and high-throughput sequencing 

is used for both quality control and to study the outcome of selection experiments. 

Oxford nanopore sequencing (ONT) is well suited to this as it allows for long read 

lengths and can be done rapidly with low-cost instrumentation. However, it suffers 

from a lower overall read accuracy and an uneven error profile. No current bioinfor-

matics tools are well-suited to the challenge of deducing the composition and order 

of constituent members of combinatorial libraries from ONT reads. We introduce 

cONcat, an algorithm to identify the makeup of concatenated DNA fragments in a 

set of ONT sequencing reads from a pool of known fragments. cONcat uses an edit 

distance-based recursive covering algorithm for finding the best possible matchings 

between the fragments and the reads. In our experiments on simulated and exper-

imental data, cONcat accurately detects the correct fragment coverings given the 

short fragment sizes (< 20 bp) and the sequencing errors present in ONT reads. How-

ever, we find that the high error rates in the start of ONT reads make it challenging 

to get confident coverage there, inferring a need for experimental strategies to avoid 

key sequence information in the start of reads.

Introduction

Synthetic DNA is essential for fields such as biotechnology [1], synthetic biology [2], 
DNA nanotechnology [3], and DNA data storage [4]. Phosphoramidite synthesis can 
produce sequence-controlled oligonucleotides that can be combined in gene synthe-
sis to produce synthetic genes up to thousands of nucleotides long [5]. Although the 
cost of de novo DNA synthesis has decreased significantly over time [6], it can be 
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cost-prohibitive to synthesize individual gene fragments for applications where many 
sequence combinations are needed, such as phage display [7], protein evolution 
[8], and high-throughput biophysical assays [9]. An alternative route is to combine 
the synthesis of short fragments with enzymatic ligation [10], Gibson assembly [11], 
or primer extension [12] to combinatorially produce vast libraries of sequence vari-
ants from a small set of constituent strands. This produces pools of sequences with 
mixed identities that can be combined with selection experiments or high-throughput 
screening to evaluate the performance of the variant libraries. In this context, 
high-throughput sequencing can be used to both characterize and quality control the 
initial library and to deduce the identity of synthetic genes that perform the selected 
task well. Oxford Nanopore Technologies (ONT) sequencing is compatible with 
libraries of diverse lengths, can be done rapidly with low-cost instrumentation, and 
has flow cells of various sizes. However, ONT sequencing suffers from comparatively 
low sequencing accuracy that is uneven throughout the read [13,14], as we also 
observed in this study. The bioinformatic challenge here is to deduce the combination 
and order of the fragments that make up each read from a pool of known sequence 
fragments in an error-prone DNA sequence from ONT sequencing data. A fragment 
can be missing, occur once, or several times within each read (Fig 1).

While algorithms capable of mapping reads to references for short and long-read 
sequencing data exist [15–19], they are not designed for our problem. These map-
ping tools use k-mer anchors (usually between 14 and 25 nt) between reads and the 
reference to guide the mapping. However, fragments can be shorter than 20nt, which 
in combination with ONT errors, may destroy all anchors between the fragment and 
the read. Since the fragments within the reads could be thought of as exons, it is 
tempting to apply long or short RNA-seq analysis tools, such as splice-aware map-
pers [20], or transcript clustering [21–23], error correction [24], or reconstruction tools 
[25–27] to group and reconstruct the reads according to their fragment tiling make-up 
(mimicking distinct isoforms). However, since fragments are very short and can occur 
several times within a read, the data is noisy, and we know all fragments a priori, we 
could use this information to better find the true fragment makeup of each read than 
RNA tools designed for de novo reconstruction. For example, a de Bruijn graph-
based assembly tool would need a large enough k-mer size to span repeats (i.e., 
fragments) but short enough to have shared nodes (k-mers) in the graph. Further-
more, none of the above-mentioned tools aim to produce the best tiling of fragments 
across the reads to find the fragment composition, which is our goal. This motivated 
us to design a novel algorithm tailored to our specific computational problem.

Here, we present cONcat, an algorithm that, given a pool of known fragments, 
finds the best fragment covering of an ONT read. Our algorithm includes a tailored 
edit-distance-based mapping procedure of fragment to reads, as well as an iterative 
fragment-selecting procedure based on the current best fragment matching a region 
not yet covered by a fragment. We test the algorithm’s performance using simulated 
data at varying read qualities and on experimentally produced data from a set of DNA 
products randomly ligated from a library of sequence fragments of varying lengths 
that are sequenced with ONT.

data is available at figshare with DOI: https://
doi.org/10.6084/m9.figshare.28524599.v2.
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Materials and methods

Preliminaries

Let r ∈ R denote a string consisting of letters in Σ = (A, C, G, T), that represents a sequencing read. Similarly, let f ∈ 
F denote a string of alphabet Σ representing a sequence fragment. Let r[i, j] indicate the substring starting at i  and ending 
at j  in r . We let | · | denote the length of a string. We align the fragments to r . Let E(f, r) denote the edit distance between f  
and r  after a semi-global alignment of f  to r  (i.e., gaps at the start and end of f  are not penalized). The edit distance is the 
minimum number of single-character edits (insertions, deletions, substitutions) between two strings required to transform 
a string into another string. We refer to the covering of a read as the process of, through pairwise alignment between the 
fragments and a read, finding the locations of fragments in the read. We say that a read is fully covered if all the correct 
fragments that make up the read have been identified. In simulated data, we know if a read is fully covered or not, while it 
is not always possible in experimental data.

Algorithm

Our algorithm attempts to find the best non-overlapping covering of fragments on r  and works greedily. All fragments are 
aligned to the read, and the best matching location is identified using the alignment identity. Let A(fi, r) denote an align-
ment produced from the semi-global edit distance computation between a fragment fi  and r  (ignoring the gaps at ends). 
We then compute the alignment identity I(·) of fi  to r  as I(fi, r) = |A(fi , r)| – E(f,r)

|A(fi , r)|
.

When the fragment location (say, aligned to r[i, j]) with the best alignment identity has been identified, we assign 
the fragment to that location and split the read into two, namely r[0, i] and r[j, |r|]. We then treat the two new subse-
quences of r  as new reads and recursively identify the best fragment matches within the two sub-reads and split 
them. Should two fragments have the same alignment identity, we choose the first fragment with the highest align-
ment identity.

Fig 1.  An overview of the experimental workflow. DNA fragments are randomly concatenated by ligation to form a pool of longer products. The 
products are sequenced using Oxford nanopore sequencing to generate basecalled reads. The reads are input together with the list of initial fragments 
in cONcat to generate an ordered list of the constituent fragments in each read.

https://doi.org/10.1371/journal.pone.0321246.g001

https://doi.org/10.1371/journal.pone.0321246.g001
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The algorithm terminates as soon as no sub-sequence longer than 5 base pairs has yet to be mapped with fragments or if 
all remaining sub-sequences cannot be mapped with fragments due to their alignment identity being below a minimum iden-
tity threshold T  (set to 0.75). Should the alignment identities of all fragments be below T , the sequence remains unmapped.

Input, output, and implementation details

Our algorithm’s input consists of base-called reads generated via ONT sequencing in the fastq format. The algorithm out-
puts two CSV files. One of the CSV files contains the position and edit distance of a detected fragment in a read, where a 
single read occupies multiple lines (one for each fragment). The second CSV file shows the percentage of bases per read 
the algorithm covered with fragments. The algorithm was implemented in the Rust programming language and is available 
via https://github.com/aljpetri/cONcat. We use rust-bio library [28] to parse the reads and edlib-rs [29], a Rust portation 
of the edlib algorithm [30] to estimate the edit distances between the fragments and the reads. Edlib can be sped up by 
setting a maximum allowed edit distance. We use our alignment identity threshold T  and limit the maximum edit distance 

k  for which hits are found by calculating k = ceil(|f|(1/1 – T)).

Generating fragment libraries

The simulated and experimental datasets are produced from constituent sequence fragments initially generated from a 
Python script that produced a set of 20 nt long sequences that have no homo-polymers, similar melting temperatures and 
a high degree of sequence orthogonality to the other members of the set. This set was used to produce linear DNA frag-
ments of varying lengths flanked by constant regions to form non-palindromic sticky ends in both ends. We designed two 
such fragments of each length between 10–20 nt long (22 fragments in total). We also designed two ‘capping’ fragments 
that form one sticky end and one blunt end.

Experimental methods

We developed an experimental dataset based on randomly ligated DNA fragments. The oligonucleotides needed to form 
the sequence fragments were synthesized by ‘Integrated DNA Technologies (IDT) with 5’ phosphate groups added to all 
strands except for the strands forming the 5’ end of the capping fragments. The forward and backward strands comprising 
each fragment were mixed separately at 10 uM each in 1x T4 ligation buffer (New England Biolabs). These mixtures were 
annealed using a 30-minute temperature ramp from 80 C to 20 C in a thermal cycler. The annealed fragments were then 
mixed in a single tube and a T4 ligase enzyme was added (New England Biolabs), this was incubated at 16 C for 10h fol-
lowed by an overnight incubation at 4 C to fuse the fragments (Fig 2A). The ligated products were purified using Ampure 
XP beads (Beckman Coulter) to remove unligated products and enzymes/reaction buffer. This was used as a template 
for a PCR reaction with primers targeting the cap fragments that feature at the start and end of many ligated products. 
This PCR reaction was again purified using Ampure XP beads to remove excess primers and PCR buffer. After this, the 
Oxford nanopore ligation sequencing kit (LSK-114) was used to add sequencing adapters to the library, with the supplied 
DNA control sample (DCS) included. This was sequenced on a R10.4.1 flongle flow cell using a minion sequencer. Super 
accurate base calling was used in Minknow. For details on the DNA amplification, AMPure Purification Protocol, and ONT 
sequencing, see Supplementary materials.

The sequencing resulted in 559,080 reads passing the quality filter with a mean read length of 353 nt, a smooth dis-
tribution of read lengths we present with a spike in read length at around 3600 nt, corresponding to the nanopore control 
sample (Fig 2B). The average error probability was calculated from the nanopore Phred quality score (Fig 2C). It revealed 
a very high error rate in the first 10 nucleotides of around 40% or more, followed by a rapid decrease toward around 15% 
at nucleotide 20. The error rate then stabilized at around 2% after nucleotide 40. This indicates that the error profile is 
drastically different at the start of the read compared to the middle, and the chance of successfully aligning fragments may 
be quite different.

https://github.com/aljpetri/cONcat
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Simulating reads

We simulated datasets with varying error rates and error profiles. First, we simulated sets of reads with uniform error 
rates over the full length of the reads. We used the set of 22 fragments that we used to synthesize biological data. In the 
simulations, we concatenated ten fragments per read (randomly drawn with replacement). We then applied the errors to 
the reads. The error rates (in percent) we used for these experiments are 0, 1, 5, 7, 10,15, 20, 25, and 30, and we denote 
them as SIM0, …, SIM30, respectively.

However, ONT reads are known to contain non-uniform error rates with high error rates in the start and end regions (as 
mentioned in [13]) with the middle part containing relatively low error rates. Therefore, we additionally simulated a dataset 
SIM_NU (for Non-Uniform errors) with a higher error rate at the beginning of the reads (Fig 2C). Using our experimental 
data from real ONT sequencing reads, we calculated an average per-base error rate of the first 100 nucleotides from 557k 
ONT reads and used the average error rates per base to simulate the SIM_NU dataset of 1000 reads with the non-uniform 
error profiles accordingly. Specifically, the first 100 bases in the simulated read have individual per-base error rates as 
computed from experimental data, and the remainder of the read is simulated with the average error rate computed from 
positions 51 to 100 of the array with the per-base error rates (Suppl. Section 2). The simulated error profiles for SIM0 to 
SIM30 as well as SIM_NU are plotted in Suppl Fig 1.

We also simulated a dataset (SIM_Rand) consisting of 1000 reads, each consisting of 1000nt simulated uniformly at ran-
dom to assess the false discovery rates of our algorithm for different alignment identity thresholds T. As we know the ground 
truth for all our simulated datasets, we can calculate the percentage of true and falsely detected fragments in each read.

Finally, to investigate cONcat’s sensitivity to pools of fragments at various identity levels, we simulated fragments at 
different fixed mutation rates. The experiment setup is described in detail in Suppl. Section 3.

Results and discussion

Simulated datasets with uniform error rates

We tested cONcat on SIM0 -- SIM30 and with different settings of threshold T. Fig 3 shows the number of reads that 
could fully be covered with fragments by cONcat for different error rates and settings of T. While our algorithm can cor-
rectly cover all reads for low error rates of 0 to 3 percent, higher error rates yield incorrect coverings. As expected, higher 
settings of T (more conservative mapping), produce fewer full coverings. Fig 4 shows the number of correctly (green) and 

Fig 2.  Experimental assembly and sequencing of a library dataset. (A) Agarose gel electrophoresis on ligated products (right) compared to 100 bp 
generuler plus ladder (left). (B) Histogram of read lengths from nanopore sequencing. (C) Average error probability per base in the first 80 read bases 
from nanopore sequencing.

https://doi.org/10.1371/journal.pone.0321246.g002

https://doi.org/10.1371/journal.pone.0321246.g002
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Fig 3.  Number of reads fully mapped for different error rates and settings of T  with 10 iterations per error rate and T . The lower and upper 
bars indicate the minimum and maximum results for each experiment. For low error rates, all settings yield correct mappings of all reads. However, the 
correctness of the mappings decreases with increasing error rates. Using lower settings of T  results in higher rates of correct mappings.

https://doi.org/10.1371/journal.pone.0321246.g003

Fig 4.  Percentage of fragments correctly mapped (green) and incorrectly mapped (red) for each error rate and different identity settings (0.25, 
0.5, and 0.75) of T .

https://doi.org/10.1371/journal.pone.0321246.g004

https://doi.org/10.1371/journal.pone.0321246.g003
https://doi.org/10.1371/journal.pone.0321246.g004
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incorrectly (red) mapped fragments for each error rate and setting of T. cONcat places nearly all fragments correctly up to 
10% error rate, suggesting robustness against errors.

Simulated datasets with non-uniform error rates

We also tested the cONcat algorithm with different thresholds T on SIM_NU with a more challenging error profile at the 
beginning of the reads. For T = 0.75 , cONcat fully covered only 249 (24.9%) out of 1000 reads correctly. As expected, 
the beginnings of reads with a high error rate were typically incorrectly or not covered for most of the reads that were not 
fully correctly covered. Out of the 10,000 possible fragment locations in the 1,000 reads, 781 fragments were missed with 
T = 0.75. These 781 fragments were mostly residing as the first fragment in the 751 reads that were not fully covered. 
When lowering the identity threshold T  to 0.5, 629 reads (62.9%) were fully and correctly covered. Out of the 10,000 pos-
sible fragment locations in the 1,000 reads, 378 fragments were missed with T = 0.5. Similar to the setting T = 0.75 , the 
large majority of the 371 reads that were not fully covered had one missing fragment in the beginning.

We also assessed the percentage of correct coverings for each individual fragment as well as the number of times the 
respective fragment was missed. The results are shown in Suppl. Tables 1–3. The results indicate that the correct cov-
erage of fragments decreases with a lower identity setting, while for a more conservative identity setting, the number of 
unassigned fragments decreases. While for 0.75, almost all fragment appointments were correct, several places in the 
reads remained uncovered due to the conservative identity threshold (Suppl. Table 1). With a lower identity threshold, the 
percentage of incorrect coverings increases, but the amount of unassigned fragments decreases (Suppl. Tables 2 and 3).

Simulated fragments with fixed identity levels

We used the datasets with fragments at different similarities (described in Suppl. Section 3) to investigate how sensitive 
cONcat was to fragment similarities at various levels. The results indicate that the orthogonality of fragments has a signifi-
cant impact on the error robustness of cONcat (Suppl. Figs 5–16). For example, with a 5% read error rate, for n = 1 (highly 
similar fragments), only 40% of reads are fully covered with fragments, while the rate of fully covered reads is close to 
100% for n = 4 and n = 6. Therefore, a low fragment similarity is crucial for sensitive identification.

False fragment discoveries

While a lower value of T yielded more correct fragment coverings (i.e., higher sensitivity), it can make incorrect assign-
ments by taking the best matching fragment that happened to have an alignment identity above the threshold (false 
positive). We used our fully random dataset, SIM_Rand, to assess the number of false positive fragment mappings for 
different values of T . For this dataset we do not want any of our fragments to map to the reads, as they are all false 
positives. We found that the number of false positives increases when lowering T . For T = 0.75, the algorithm mapped 43 
fragments to the full dataset, while it mapped 29,655 and 37,534 fragments to the data when T  were set to 0.5 and 0.25, 
respectively. This indicates that if our DNA products consist of sequences other than our fragments, they could potentially 
be covered with fragments by chance when setting T  to 0.5 or lower.

Experimental data

We then applied our algorithm to the sequenced data using different values of the minimum identity thresholds, from 0.5 to 
0.75, and studied the effect of alignments in the start of reads. With a threshold of 0.75, cONcat typically only maps frag-
ments after 30–40 nt into the reads (Fig 5), meaning that the first one or two fragments of the reads become unmapped. 
By decreasing the threshold, this effect is reduced, and at a threshold of 0.5, most reads have their first alignment starting 
before nucleotide 10. At an intermediate identity threshold of 0.625, a fraction of reads find mapping at the start and a frac-
tion after 30–40 nt, yielding a start distribution that is a mixture of the results at higher and lower identity thresholds. When 
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looking at the coverage fraction of reads, we note that most reads have a coverage over 70% irrespective of the alignment 
threshold T (Fig 5) although, as expected, the coverage is higher for lower thresholds. A clear outlier here is the nanopore 
control sample, where we do not expect any matches (similarly to the SIM_Rand dataset). The control sample forms a 
clear spot at read length 3600 nt. Interestingly, this spot has a very low coverage at threshold 0.75, as is expected, since 
it is not composed of the fragments in question. When the threshold is reduced, the control sample increases its coverage 
since more fragments of the library can be aligned to reads when more mismatches are allowed, forming a false posi-
tive. As the threshold is modified, the coverage of the non-control portion of the reads also changes. When the threshold 
decreases, more alignments are found in the ends of reads, increasing the overall coverage. This effect is most pro-
nounced in shorter reads where the ends make up a larger fraction leading to a change in the overall distribution (Fig 5).

Memory and time

On our data, cONcat has a low memory consumption and runtime. Our algorithm processes a simulated dataset of 1000 
reads in 6 seconds (Suppl. Fig 2) or less using less than 6Mb (Suppl. Fig 3) of RAM. On our experimental data consisting 
of 559,080 reads, cONcat processes this dataset in 2,309 seconds using 949 Mb of RAM.

Discussion

Today, synthetic combinatorial DNA libraries are widely used to produce protein variants, optimize binders, and for high 
throughput studies of protein – DNA interactions. Libraries can be synthesized by commercial vendors or directly by 
researchers using techniques such as ligation, Gibson assembly or primer extension. High throughput DNA sequencing 
allows for the control of quality, diversity and homogeneity of the libraries before experiments, and can be used again 
in selection experiments to validate what sequence variants were favoured by the selection pressures. In this context, 
Oxford nanopore sequencing has several attractive properties: it allows for long reads, it is rapid, and it can be done 

Fig 5.  Processing of sequenced data with varying minimum alignment identity threshold T. Top: Histogram of start position of first alignment 
found in each read. Bottom: 2D histogram of the fraction of read coverage versus read length. The nanopore control samples formed an island at read 
length 3600 nt.

https://doi.org/10.1371/journal.pone.0321246.g005

https://doi.org/10.1371/journal.pone.0321246.g005
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with inexpensive instrumentation. Although the read quality of Oxford nanopore sequencing has steadily increased with 
improved chemistry and base calling algorithms, it has significantly lower accuracy than Illumina or PacBio sequencing, 
and the error profile is not homogeneous throughout the reads.

We introduced cONcat, an algorithm to identify the fragment composition in Synthetic DNA products that have been 
sequenced with ONT sequencing reads. Unlike other read mapping or sequence reconstruction tools (such as genome 
or transcriptome assembly tools), cONcat is designed specifically for the computational problem of finding a covering of 
fragments across the reads with as high alignment identity as possible. cONcat utilizes edit distance alignment to find the 
best-fitting local fragment to iteratively assign fragments to the sequencing reads.

To assess the performance of our algorithm, we tested the tool on simulated and experimental datasets. Using simu-
lated data with a random uniform error profile at various error rates (SIM0-SIM30), we showed that cONcat can accurately 
identify the correct fragments at error rates up to around 10–15% errors, despite the fact that fragments can be shorter 
than 20nt. Our algorithm uses a threshold T as a minimum cutoff identity to prevent overfitting fragments to the reads. We 
tested our algorithm with different settings of T on mapping fragments to random DNA sequences (SIM_Rand) to assess 
false positive fragment identification rates, and a threshold at 0.5 or lower resulted in many false positives. We further 
assessed the performance of our algorithm on reads with non-uniform error profiles (SIM_NU), as observed in our experi-
mental data. Our experiments show that with higher error rates in the beginning of reads, cONcat is able to correctly place 
much fewer fragments at the beginning of the reads, which is expected. Furthermore, cONcat has a low resource usage 
with the runtime slightly increasing with lower settings of T. Since the algorithm can be easily parallelized per read, it can 
handle much larger datasets within a reasonable time if needed.

For our experimental data, we observe that cONcat with T = 0.75 typically only maps fragments after 30–40 nt into the 
reads (Fig 5) due to the high error rate. However, most reads are covered over 70% with fragments. Furthermore, the 
control sample is clearly distinguished from our synthetic DNA products as they typically have a coverage of around 0–5% 
(Fig 5) with the stringent threshold T = 0.75.

If the error rate of standard ONT sequencing is too high for target applications, alternative library preparation methods 
can be used such as the R2C2 technique [31], where rolling circle amplification is used to produce long concatemers with 
multiple copies of the library sequences on the same strand followed by consensus generation. This should also reduce 
the challenge with poor read quality at the end of reads. Alternatively, PacBio sequencing offers long-read sequencing 
with very low error rates but requires significantly larger instrumentation than ONT sequencing.

Future work

Reducing the threshold gradually increases the amount of alignments found in the start of the reads, although it simul-
taneously increases the coverage of the control sample, indicating more false positive alignment. In applications where 
correct mapping of fragments in the start of reads is crucial, experimental strategies such as PCR primer extension that 
extend the length of the library may be needed to overcome the very high error rate in the start of ONT reads by moving 
the real library further into the read.

As we observed, the regions with higher error rates within reads are not correctly covered by cONcat. This is mainly 
due to incorrect base calls that yield sequences too dissimilar to the fragments. A possible future work could therefore 
include an additional, more carefully tailored covering step for sequences that cONcat could not cover with the default 
alignment identity parameter T. Such a step could, e.g., utilize the Phred quality values within the read by taking them into 
account when performing the pairwise alignment between the fragments and the read.

Conclusions

In this study, we introduced cONcat, a novel algorithm tailored to identify the composition of concatenated DNA fragments 
within ONT sequencing reads, addressing the unique challenges posed by ONT’s error profile. Through testing on both 
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simulated and experimental datasets, cONcat demonstrated high accuracy in fragment detection, even with short frag-
ment sizes (<20 bp) and varying error rates. However, we observed substantially elevated error rates at the start of reads, 
which presents a challenge for identifying the first one or two fragments in reads. This suggests that experimental strate-
gies such as extending library sequences beyond the initial high-error regions may enhance fragment detection in those 
regions.
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