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With advances in sequencing technologies, the use of high-throughput sequencing to characterize microbial
communities is becoming increasingly feasible. However, metagenomic assembly poses computational chal-
lenges in reconstructing genes and organisms from complex samples. To address this issue, we introduce a new
concept called Adaptive Sequence Alignment (ASA) for analyzing metagenomic DNA sequence data. By itera-
tively adapting a set of partial alignments of reference sequences to match the sample data, the approach can be
applied in multiple scenarios, from taxonomic identification to assembly of target regions of interest. To
demonstrate the benefits of ASA, we present two application scenarios and compare the results with state-of-the-
art methods conventionally used for the same tasks. In the first, ASA accurately detected microorganisms from a
sequenced metagenomic sample with a known composition. The second illustrated the utility of ASA in
assembling target genetic regions of the microorganisms. An example implementation of the ASA concept is

available at https://github.com/elolab/ASA.

1. Introduction

The emergence of high-throughput sequencing methods has facili-
tated the development of metagenomics, which involves extracting
nucleotide sequences from multiple organisms, such as bacteria, in a
particular environment [1-3]. The approach has enabled profiling of
entire microbial populations. However, the data analysis poses chal-
lenges and requires diverse methods to obtain the necessary microbial
profiles [4]. This is particularly true for short read sequencing, which is
currently the most common approach in the field. The effectiveness of
these methods varies depending on factors such as sequencing length,
coverage, quality, and sample complexity, all of which can cause mis-
interpretations [5]. New techniques are needed to enhance the accuracy
and reliability of the results.

Current methodologies for analyzing short shotgun-sequenced reads,
and assembling them into larger contiguous regions (contigs), predom-
inantly employ graph-based techniques such as De Bruijn Graphs (DBG),
Overlap-Layout-Consensus (OLC) graphs, or greedy methods, as out-
lined by Ref. [5]. While taxonomic profiling is a prominent application
of assembly, alternative profiling techniques that do not require

assembly exist. One such technique involves constructing a database of
short marker genes sourced from public databases, which enables the
identification of species in a given sample [6]. Another prevalent
approach, particularly employed in targeted sequencing, utilizes the
highly conserved bacterial 16S rRNA gene [2]. Depending on the spe-
cific application, high-confidence positive identifications are often
crucial. However, it is currently common to encounter a fair number of
false positives in reports, which can hinder the attainment of biological
research goals [7].

In this work, we introduce a new approach called Adaptive Sequence
Alignment (ASA), which iteratively adapts a set of reference sequences
to match metagenomic sample content, together with an example
implementation (Fig. 1). Unlike other available reference-guided ap-
proaches [8-11], ASA is based on iterative partial alignments. To
demonstrate the efficacy of ASA, we show its applicability in two distinct
research scenarios and compare the results to those of state-of-the-art
methods conventionally used for the same tasks. First, we show how
ASA can accurately identify the content of a metagenomic sample with
low false positive rates, which is crucial, for example, to rule out the
presence of potential pathogens in a sample [12]. This is demonstrated
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through the use of ASA for the assembly of complete 16S rRNA genes,
which facilitates the inference of sample taxonomy. (Conventionally,
assembling the 16S rRNA gene has posed challenges. Generic de novo
assembly tools are optimized for this task due to factors such as the high
degree of sequence similarity [13].) Second, we demonstrate how ASA
can assemble genes and their neighboring regions from a metagenomic
sample, which has multiple important applications in biological
research [14].

The novelty of ASA lies in its iterative alignment and consensus
sequence generation process, which allows for progressive refinement of
sequences. This dynamic adaptation of reference sequences through
multiple iterations enhances the accuracy of taxonomic identification
and gene assembly, setting ASA apart from traditional, alignment-based
methods.

2. Materials and methods
2.1. Adaptive sequence alignment (ASA) concept

Our ASA concept is based on an iterative procedure, which first
aligns the read sequences against a reference sequence and then forms a
consensus sequence to be used as the reference for subsequent alignment
iteration.

If the initial reference sequence only partially matches the sample
content, the resulting consensus sequence in the alignment iteration
typically contains both continuous regions of known nucleotides and
regions of unknown nucleotides marked with the letter N (Fig. 1). The
unknown nucleotides are found in regions where the reference and the
read sequences do not match. With modification to an aligner, it is
possible to enable partial alignments where a given proportion of a read
sequence aligns to known nucleotides while the rest aligns to Ns. The
scoring scheme modification implemented in ASA fills partial references
(with regions of Ns) with known nucleotides as reads are aligned at the
border of known and unknown nucleotide regions. Repeating the
alignment and consensus steps causes the aligner to iteratively build
sequences that match progressively better to the sample sequences.
Furthermore, sequence assembly beyond the original reference is ach-
ieved by appending Ns at the beginning and end of the reference. The
uncertainty arising from unknown nucleotides is controlled by limiting
the percentage of allowed unknown nucleotides in an alignment of each
read. The iterations are stopped when the consensus sequence stops
transforming or when the iteration limit (-rounds parameter) is reached.
The final consensus sequence reflects the sample content precisely
within the limitations posed by read length and coverage. By default,
ASA assembles consensus sequences up to the length of a specified
reference sequence. If an assembly exceeding the reference length is
required, ASA can continuously extend the alignment length in each
iteration. In such cases, the length of the alignment is limited either by
the iteration limit set by the user or by the availability of read sequences
in the dataset, which can be aligned partially, thus extending the
sequence further. Additionally, the alignment process will halt if the two
consecutive iteration rounds have resulted in an identical consensus
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sequence, indicating that consensus sequence stops changing. The de-
cision whether to extend the consensus in each round depends on the
specific use case. For instance, in taxonomic identification, it may suffice
to produce consensus sequences up to the original reference length.
However, for assembly purposes, progressive extension can be advan-
tageous, especially in achieving extensive lengths. This facilitates the
determination of adjacent sequences to the seed reference sequence.

To implement the ASA concept, a sequence aligner and a tool to build
a consensus sequence from the alignment are required. Here, we used a
modified version of Bowtie 2 (version 2.2.3) [15] and Samtools (version
0.1.19) [16] for alignments and building of consensus sequences. The
Bowtie 2 aligner has a parameter, --np, for giving a score penalty for
non-A/C/G/T nucleotides. We modified the Bowtie 2 source code by
adding parameter --na to give a positive score for non-A/C/G/T nu-
cleotides. The new parameter is used in combination with another
parameter, --n-ceil, which controls the maximum number of
permitted non-A/C/G/T characters in an alignment. This allows Bowtie
2 to align reads to unknown nucleotides if the surrounding reference
nucleotides support the alignment decision. The default value for
--n_ceil is 0.3. The iterative ASA workflow was implemented as a
Python (version 3) program.

2.2. Benchmark data

To illustrate the applicability of the ASA concept for metagenomic
data analysis, we used the public Mock Bacteria Archaea Community
(MBARC-26) [17] metagenome benchmark dataset, which is composed
of 26 different microorganisms with varying abundance (Table 1). The
MBARC-26 Illumina shotgun metagenome sequencing dataset was
downloaded from the National Center for Biotechnology Information
(NCBI) Sequence Read Archive with accession number SRX1836716,
and the complete species information was downloaded as GenBank files.

2.3. Evaluation of taxonomic identification

ASA can be applied to taxonomic identification by first choosing a
taxonomic reference database and performing an initial alignment
against the references and then choosing top matching references that
are iteratively transformed into sequences that match the sample con-
tent. The results can be represented in a phylogenetic tree, which can be
analyzed manually or with the help of heuristics. To ensure the perfor-
mance of ASA in general, the number of references in the initial align-
ment phase passed to the iterative alignment phase should be limited to
a selected amount of top matching references (the --top_refs
parameter in the current ASA implementation). The chosen cutoff is a
tradeoff between computing time and confidence that the chosen ref-
erences generate enough initial alignments to discriminate between
different microorganisms in the sample.

We chose a cutoff of 150 references, which yielded 142 consensus
sequences covering the expected sample diversity of 26 species. Given
the limited number of species (26 in total), numerous consensus se-
quences were either fully or nearly identical (Fig. 2). To achieve

Initial reference [ . )

Iteration 1 [NI iNNNNi iNNNNi ] Aligned sequences

Iteration 2 ( 1 N TN B O Found in initial reference

Iteration 2 .T i g I INli - @ Not matching initial reference
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Fig. 1. Illustration of the ASA concept. The ASA concept transforms an initially non-matching reference into a reference that fully matches the sample data. This is
achieved by adding unknown nucleotides (N) to the ends of a sequence and encouraging alignments to occur on top of them. The unknown nucleotides are found in
regions where the reference and the read sequences do not match. Repeating the alignment and consensus steps enables ASA to iteratively build a contig from

the reads.
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Table 1
MBARC-26 dataset composition according to read mapping to reference genomes and according to molarity.
Organism Reference Molarity Genome copies per pl Mlumina Ilumina
% mapped genome % mapped chromosome % genome covered
T. roseus NC_018014.1 4.79E-15 155 2.07 213 83.95
C. glutamicum NC_003450.3 4.91E-16 10 0.30 0.31 99.34
N. dassonvillei NC_014210.1 2.67E-17 6 0.00 0.00 0.54
O. uli NC_014363.1 3.40E-14 304 2.26 2.32 100
S. rotundus NC_014168.1 1.22E-14 149 1.41 1.45 99.96
E. vietnamensis NC_019904.1 1.26E-15 41 0.62 0.64 99.29
M. silvanus NC.014212.1 4.38E-14 213 8.56 7.82 99.97
C. perfringens NC_008261.1 5.20E-16 39 0.42 0.43 99.53
C. thermocellum NC_009012.1 4.40E-16 15 0.43 0.44 99.11
D. acidiphilus NC_018068.1 2.68E-14 409 15.11 14.75 99.98
D. meridiei NC_018515.1 9.89E-15 261 4.61 4.74 99.74
D. gibsoniae NC_021184.1 2.93E-14 535 6.91 7.11 99.93
S. pyogenes NC_002737.2 1.53E-15 16 0.43 0.44 99.06
T. composti NC_019897.1 2.39E-16 7 8.50 8.18 99.82
E. coli NC_000913.3 3.90E-16 16 0.18 0.19 98.87
F. aurantia NC_017033.1 2.84E-14 317 3.99 4.11 99.95
H. baltica NC_012982.1 1.78E-14 400 8.16 8.20 99.99
P. stutzeri NC_019936.1 1.21E-14 164 1.55 1.56 99.23
S. bongori NC_015761.1 1.72E-16 31 0.14 0.15 99.31
S. enterica NC_010067.1 6.69E-16 40 0.52 0.54 99.63
S. smaragdinae NC_014364.1 2.78E-14 467 11.39 11.72 100
F. pennivorans NC_017095.1 6.21E-14 672 11.26 11.58 100
C. akajimensis NC_014008.1 6.85E-15 144 3.41 3.50 99.78
H. ruber CP003050.1 2.34E-14 614 1.75 1.80 99.92
N. gregoryi NC_019792.1 3.01E-14 569 2.46 2.53 99.89
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Fig. 2. A phylogenetic tree containing the final consensus sequences and their Ribosomal Database Project reference sequences in the MBARC-26 dataset. Consensus
sequences, originating from a MBARC-26 species reference, are marked with a “_C” postfix. Those consensus sequences derived from other references are delineated
by gray dashes for clarity. The reference sequences are marked with red color, while blue indicates the closest consensus sequence. (For interpretation of the ref-
erences to color in this figure legend, the reader is referred to the Web version of this article.)

comprehensive identification, the cutoff value should exceed the antic-
ipated number of species in the sample. Including reference sequences
improves the chances of acquiring suitable seed sequences that match
the actual sequences present. While having 150 references may be
excessive for MBARC-26, it serves well for demonstration purposes.
Although an abundance of seed sequences is not detrimental from a

methodological perspective, it does impose a computational burden.
The maximum number of iteration rounds (the --rounds parameter) is
an estimate of how many iterations are needed to build a gene region of
the required length. Performing 20 iterations was sufficient to discover
the 16S rRNA genes that are roughly 1500 nucleotides long. In most
instances, the consensus sequence is assembled to the full gene length,
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usually without containing Ns. By examining the consensus sequences at
each iteration, the assembly rate can be assessed, offering an estimate of
the number of rounds necessary. Although the assembly process typi-
cally terminates automatically upon achieving full assembly, there are
instances where the assembly result may oscillate without progressing.
In such cases, the iteration limit (‘rounds’ parameter) ensures that the
algorithm terminates.

To identify the microorganisms in the MBARC-26 benchmark data-
set, the whole 16S rRNA genes were assembled from short paired-end
150bp reads using Ribosomal Database Project (RDP) release 11, up-
date 5 [18] as the reference sequence database. With ASA, a maximum
of 150 top matching RDP sequences were allowed as candidate refer-
ences for the iterative processing, and a maximum of 20 alignment it-
erations were done. A phylogenetic tree containing the final consensus
sequences and their RDP reference sequences was produced using
FastTree (v2.1) [19] with sequences aligned using ClustalW (v2.1) [20];
we refer to this tree as a consensus-reference tree. The taxonomic anno-
tation was determined heuristically by traversing the consensus-reference
tree backwards from the leaves until the closest reference was found
within the threshold of not crossing to another genus. The threshold was
determined by calculating the minimum phylogenetic distance between
genera in a given family from RDP database sequences.

To assess the performance of the identifications, we calculated the
precision (TP/[TP + FP]), recall (TP/[TP + FN]), and F;-score (2 *
[precision * recall]/[precision + recall]), where TP, FP, and FN denote
the true positives, false positives, and false negatives, respectively. TP
was defined as a correct genus identification based on the closest
reference sequence, whereas FP referred to an identification that was not
among the 26 microorganisms in the MBARC-26 dataset. FN was defined
as a genus present in the MBARC-26 dataset that remained unidentified.

Finally, we compared the ASA identification results with those ob-
tained using four widely used tools for metagenome taxonomic
profiling, namely MetaPhlAn4 (v4.1.0) [6,21], mOTUS [22], Kraken2
[23], and MetaPhyler (v1.25) [24], using their default parameters. In
addition, we used MEGAHIT (v1.1.3) and metaSPAdes (v3.12.0) to
generate de novo metagenomic assemblies from the MBARC-26 data,
using their default parameters for paired-end assembly. These assem-
blies were used to evaluate the ability of de novo methods to assemble
16S regions, which can be used for taxonomic identification. To target
the 16S gene V4 regions in the contigs, we used the Illumina standard
primer sequences (GTGCCAGCMGCCGCGGTAA [forward], GGAC-
TACHVGGGTWTCTAAT [reverse, complementary]). The V4 regions
were identified directly from the contigs by using a custom Python script
(identify-v4-16S-region.py).

2.4. Evaluation of assembling target genetic regions of microorganisms

To assemble target genetic regions of microorganisms, we selected ten
species-specific genes from the two most abundant species in the MBARC-
26 dataset (D. acidiphilus and S. smaragdinae) based on their good
coverage in the dataset and obtained the corresponding gene sequence
from NCBI (identifiers NC_018068.1 and NC_014364.1). The goal was to
target genes with a good coverage, thus providing suitable sequences for
assembly. From D. acidiphilus, we selected the following protein products
with identifiers WP_014826593.1, WP_014829047.1, WP_014828152.1,
WP_014829474.1, WP_014826879.1, WP_014829310.1, WP_0148251
76.1, and WP_014828656.1. From S. smaragdinae, we selected
WP_013253148.1 and WP_013256183.1. We then removed 300 nucleo-
tides from the beginning of these genes and used the truncated genes as
seed sequences for ASA to test whether it could reassemble the removed
nucleotides using the metagenome sequencing reads.

In addition, we used MEGAHIT (v1.1.3) [25] and metaSPAdes
(v3.12.0) [26] to generate de novo metagenomic assemblies from the
MBARC-26 data, using their default parameters for paired-end assembly,
to confirm the content of the removed 300 nucleotides.
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3. Results and discussion

We assessed the performance and applicability of the ASA concept
for two use cases. First, we applied it for taxonomic identification using
the MBARC-26 benchmark data composed of 23 bacterial and 3 archaeal
strains (10 phyla, 14 classes). Second, we used it to assemble specific
target regions of genes in the dataset. Finally, we compared the per-
formance of ASA with state-of-the-art methods used for these tasks. ASA
can offer advantages over alignment-free and Markov model-based al-
gorithms, such as POSSM and iDeLUCS, due to its unique iterative
alignment and consensus sequence generation process. This potential is
reflected in the comprehensive comparisons with other established
methods.

In general, ASA is a highly versatile approach and has multiple
plausible applications. The requirement for seed sequences can be
described in a very generic manner, and ASA is not restricted to any
specific sequence database, such as the RDP. We chose RDP as our
reference database due to its relevance and widespread use in similar
metagenomic studies, while also acknowledging the RefSeq database as
a valuable resource. Alternative databases are also available, such as
SILVA, for constructing phylogenetic consensus trees to discern sample
composition. The principle of using seed sequences (a database) is that
the transformation (i.e., extension) of a known seed sequence to the
closest sequence present in the sample uncovers the required informa-
tion, which varies depending on application. Since the main character-
istics of ASA primarily stem from the quality of alignment, it may be
influenced by factors like sequencing quality and depth—especially
when sequencing depth is so low that the region of interest is not fully
covered by read sequences, preventing assembly altogether. However, in
the absence of close reference sequences, accuracy may be
compromised.

In addition to providing useful use cases on its own, ASA can be used
in combination with other methods to complement or validate the re-
sults. The sequence assembly is particularly suitable for discovering the
surrounding content of a given reference sequence. One could, for
example, take the ends of assembled contigs and use ASA to bridge gaps
between contigs where the assembly has stopped. The candidate refer-
ence sequences provide ASA with insights inaccessible to de novo as-
semblers, potentially enabling ASA to achieve assemblies beyond the
reach of de novo-based systems especially in scenarios involving highly
similar or repeating genetic regions. This warrants further investigation
in future research. In addition to its application in metagenomic studies,
we expect that the ASA concept can also be employed in genomic data
analysis.

3.1. Evaluation of taxonomic identification

First, we assessed the utility of ASA for microbial identification in
sequenced metagenomic samples. We used the previously published
MBARC-26 benchmark dataset, which contains 26 microorganisms from
23 genera, with varying abundances. The accuracy of ASA was
compared with widely used methods for metagenome taxonomic
profiling: MetaPhlAn4 [6,21], mOTUS [22], MetaPhyler [24], and
Kraken2 [23] (with the maxikraken2_1903_140 GB database).

ASA, mOTUS, MetaPhlAn4, MetaPhyler, and Kraken2 detected 19,
20, 20, 9, and 23 true positives, respectively, out of the known 23 genera
present in the sample, while 4, 7, 7, 60, and 1532 false positives were
reported, respectively (Fig. 3a). This highlights the ability of the itera-
tive ASA concept to reconstruct sequences with very high accuracy, with
a precision of 0.83, recall of 0.83, and F; score of 0.83, compared to
mOTUS (precision 0.74, recall 0.87, F1 score 0.80), MetaPhlAn4 (pre-
cision 0.74, recall 0.87, F; score 0.80), MetaPhyler (precision 0.13,
recall 0.39, F; score 0.20) and Kraken2 (precision 0.02, recall 1, F; score
0.03) (Fig. 3b). ASA detected few false positives, which is important, for
instance, in ruling out the presence of falsely identified pathogens that
might have been found by current state-of-the-art methods.
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Fig. 3. Performance of ASA compared to mOTUS, MetaPhlAn4, MetaPhyler, and Kraken2 tools to produce correct identifications in the MBARC-26 benchmark
dataset. (a) Number of true positives (TP) and false positives (FP) produced by each approach. (b) Precision, recall, and F;-score of each approach.

A closer inspection of the ASA results illustrated the benefits of the
proposed reference-based concept versus those of contig assembly-based
approaches like OLC and DBG. The constructed consensus-reference tree
of the 142 identified consensus sequences, together with the reference
sequences of the known 26 species, showed that the consensus se-
quences were clustered very closely to 25 out of 26 reference sequences
(Fig. 2). Only the Nocardiopsis dassonvillei reference did not have any
nearby consensus sequences. According to the original publication [17],
only a minuscule amount of N. dassonvillei sequences were present in the
data. These results imply that the reference-based concept is able to
distinguish between similar genes as the consensus sequences accurately
represent the true sample content.

Of note, besides N. dassonvillei (3128), the heuristics failed to detect
Desulfotomaculum gibsoniae (12366), Echinicola vietnamensis (4705), and
Terriglobus roseus (10252) (Fig. 2). However, there are consensus se-
quences very close to references 12366, 4705, and 10252, as illustrated
in the consensus-reference tree (Fig. 2). From the consensus-reference tree,
it can be determined manually that these genera likely exist in the
sample, indicating identifications missed by the automatic heuristic.
There is potential to enhance this heuristic strategy to achieve perfor-
mance levels comparable to manual inspection. This could involve
refining the thresholds more precisely to define genus boundaries, which
are automatically derived from the RDP database. These thresholds
determine the permissible degree of sequence divergence within a genus
boundary. Currently, we recommend considering manual inspection of
the phylogenetic tree to achieve the highest accuracy when precision is
paramount.

One of the main advantages of ASA is that it can assemble the 16S
sequences of bacteria than are not precent in the RDP database. For the
mock community used, all the microorganisms had a representative in
the database. If a community contains a novel species for which a
reference does not exist in the database, ASA would still be able to
assemble the sequence by using the reference sequence of a closely
related species.

Finally, we manually extracted those 25 consensus sequences from
the consensus-reference tree that had a close-by MBARC-26 reference
sequence. We then searched for V4 regions from the consensus sequence,
which indicates the presence of 16S gene. The V4 region was found from
all the consensus sequences, as expected. Similarly, we conducted a
search for V4 regions in the metaSPAdes and MEGAHIT contigs. In
contrast to the ASA results, the V4 region was found only in 13
MEGAHIT and 8 metaSPAdes contigs, indicating that the contig as-
sembly may not differentiate well between similar genes.

3.2. Evaluation of assembling target genetic regions of microorganisms

Next, we tested the utility of ASA in assembling specific genetic re-
gions. To do so, we removed nucleotides from the beginning of the ten

species-specific genes, selected with good sequencing coverage, from the
MBARC-26 dataset and then tested whether we can reassemble the
removed nucleotides using the metagenome sequencing reads. We found
that ASA was successful in assembling eight out the ten genes, using the
default --conseg_nceil value of 0.3. Notably, ASA was able to
recover the exact nucleotides that were removed. For the other two
genes, the alignment initially failed, which led us to hypothesize that the
reason was related to homologous genes, which can result in chimeric
sequence assemblies. Indeed, with these two genes, a successful as-
sembly was obtained by decreasing the number of allowed non-aligning
nucleotides from the default 30 %-10 % (by changing the parameter
--conseq_nceil from 0.3 to 0.1), making the iterative alignment
expand more carefully. Therefore, if the desired assembly is not ach-
ieved in particular cases, we recommend adjusting the parameter value
from 0.3 to 0.1 until progressive assembly is achieved, while also
checking for the presence of chimeric assembly, if possible.

Finally, we compared the ASA results to those obtained by assem-
bling the reads into contigs with the popular MEGAHIT and metaSPAdes
tools and searched the contigs for the same ten genes using BWA-MEM
[27]. All the tools generated a consistent assembly sequence, confirm-
ing the correctness of the assembly produced by ASA.

Although all approaches resulted in a successful assembly, the
candidate reference sequences provide information that is not available
to tools like MEGAHIT and metaSPAdes. This information may help
distinguish between highly similar or repeating genetic areas that are
typically very hard to de novo assemble correctly.

4. Conclusions

The ASA concept introduces a new type of approach for genomic data
processing. It involves an initial identification step according to refer-
ences, followed by iterative extension and modification of the generated
candidate reference sequences through partial alignments until they
match the sample content. Such an approach has not been previously
explored in other methods. The iterative alignment strategy is particu-
larly well-suited for analyses where accurate sequence alignment is
essential for understanding gene expression patterns across different
conditions. The flexibility of ASA in handling diverse datasets further
enhances its potential in this field, rendering it a reliable tool for
comprehensive transcriptomic studies. Rigorous testing has shown the
effectiveness of our approach in minimizing false positives and
enhancing overall accuracy.

ASA can be described as a hybrid approach that is capable of both
taxonomic identification and assembly of target regions of interest.
When compared to other microbial identification tools, such as Meta-
PhlAn4 and MetaPhyler, ASA demonstrated an exceptionally low false
positive rate (Fig. 3). Furthermore, the assembled gene sequences
generated by ASA were identical to those produced by MEGAHIT and
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metaSPAdes. Our evaluation criteria are robust and include compre-
hensive comparisons with well-established methods, providing a clear
and reliable assessment of ASA’s performance in taxonomic binning.

In conclusion, this study introduces a new alignment-based approach
for genetic sequence assembly and taxonomic profiling, called ASA. It is
robust and in principle capable of handling datasets of varying sizes,
including MiSeq and HiSeq data. However, empirical assessment with
dataset of different sizes was beyond the scope of the current work and
remains an area for future research. The ASA method can significantly
advance metagenomic analysis by enhancing the accuracy of taxonomic
identification and gene assembly. The iterative alignment strategy pro-
vides a reliable framework for reconstructing sequences in complex
samples, with few false positives and high fidelity. The impact of our
findings is substantial, as they contribute to more accurate microbial
community profiling and better understanding of microbial functions
and interactions. While ASA is presented here as a conceptual frame-
work, we provide an implementation of the algorithm. Notably, the
current implementation of the iterative alignment employed by ASA
demands substantial computational resources, but in future de-
velopments, we anticipate improving the efficiency. In addition, at
present, the taxonomic identification procedure yields numerous fully or
nearly identical consensus sequences. Specifically, 142 consensus se-
quences were produced, while the sample contained only 26 species. As
a future development, this issue can be addressed by incorporating a
sequence de-replication step into the analysis.

To facilitate broader accessibility and collaboration, we have made
the ASA implementation available as open source, accessible at
https://github.com/elolab/ASA. This resource offers a foundation for
further research and applications within the scientific community.
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