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Abstract

Background The expansion of sequencing technologies as a result of the response to the COVID-19 pandemic
enabled pathogen (meta)genomics to be deployed as a routine component of surveillance in many countries. Scaling
genomic surveillance, however, comes with associated costs in both equipment and sequencing reagents, which
should be optimized. Here, we evaluate the cost efficiency and performance of different read lengths in identifying
pathogens in metagenomic samples. We carefully evaluated performance metrics, costs, and time requirements rela-
tive to choices of 75, 150 and 300 base pairs (bp) read lengths in pathogen identification.

Results Our findings revealed that moving from 75 bp to 150 bp read length approximately doubles both the cost
and sequencing time. Opting for 300 bp reads leads to approximately two- and three-fold increases, respectively,

in cost and sequencing time compared to 75 bp reads. For viral pathogen detection, the sensitivity median ranged
from 99% with 75 bp reads to 100% with 150-300 bp reads. However, bacterial pathogens detection was less effec-
tive with shorter reads: 87% with 75 bp, 95% with 150 bp, and 97% with 300 bp reads. These findings were consistent
across different levels of taxa abundance. The precision of pathogen detection using shorter reads was comparable
to that of longer reads across most viral and bacterial taxa.

Conclusions During disease outbreak situations, when swift responses are required for pathogen identification, we
suggest prioritizing 75 bp read lengths, especially if detection of viral pathogens is aimed. This practical approach
allows better use of resources, enabling the sequencing of more samples using streamlined workflows, while main-
taining a reliable response capability.

Keywords Metagenomics, Health surveillance, Cost efficiency, Pathogen detection

*Correspondence: 5 Federal University of Bahia School of Medicine, Salvador, Brazil

Pedro Milet Meirelles 7 Center for Data and Knowledge Integration for Health (CIDACS),
pmeirelles@ufba.br Gongalo Moniz Institute, Oswaldo Cruz Foundation (Fiocruz), Salvador,
!Institute of Biology, Federal University of Bahia (UFBA), Salvador, Bahia Bahia, Brazil

41745-715, Brazil

2 National Institute for Interdisciplinary Transdisciplinary Studies

in Ecology and Evolution (IN-TREE), Salvador, Brazil

3 Health Systems Engineering Laboratory, Alberto Luiz Coimbra Institute
of Graduate Studies and Engineering Research (COPPE), Federal
University of Rio de Janeiro (UFRJ), Rio de Janeiro, Brazil

“Institute of Biology, Federal University of Rio de Janeiro (UFRJ), Rio de
Janeiro, RJ, Brazil

® Laboratory of Precision Medicine and Public Health (MESP 2), Gongalo
Moniz Institute, Oswaldo Cruz Foundation (Fiocruz), Salvador, Bahia, Brazil

©The Author(s) 2024. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if

you modified the licensed material. You do not have permission under this licence to share adapted material derived from this article or
parts of it. The images or other third party material in this article are included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To
view a copy of this licence, visit http://creativecommons.org/licenses/by-nc-nd/4.0/.


http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12864-024-10778-1&domain=pdf

Meirelles et al. BMC Genomics (2024) 25:856

Background

COVID-19 served as a reminder of the limitations inher-
ent in current disease surveillance systems, underscoring
the need to harness data for informed decision-making
[1, 2]. Genomics approaches have played key roles by
identifying the emergence of new SARS-CoV-2 vari-
ants, including variants of interest (VOIs) and variants
of concern (VOCs) that have displayed intricate dynam-
ics of emergence and replacement after the identification
of the initial Wuhan-Hu-1 strain in late 2019 [3, 4]. The
expansion of sequencing technologies in many countries
was accelerated by the need to track VOIs/VOCs, which
represents a positive outcome of the pandemic. However,
low/middle-income countries (LMICs) are limited in
their ability to support sequencing capacity due to several
factors, including the high cost of sequencing kits and
consumables, the need for specialized laboratory per-
sonnel, and challenges ensuring comprehensive coverage
(particularly for countries with large territories) [5].

One key aspect to evaluate is the trade-off between
the sequencing depth and overall costs. One way to
achieve increased depth is by sequencing longer read
sizes. Longer reads can provide a more detailed view of
genomic structures and facilitate more accurate patho-
gen identification and characterization. Nevertheless, it
is imperative to benchmark the added costs of sequenc-
ing longer reads, which also includes extended sequenc-
ing durations and heightened computational resource
demands, considering the potential advantages they
offer in terms of improved precision and enhanced accu-
racy for pathogen identification. Reaching a commensu-
rate balance between read length and sequencing cost is
critical for the sustainable implementation of advanced
genomic surveillance systems.

In this study, we investigated the cost efficiency and test
performance of different Illumina read lengths, consid-
ering their impact on pathogen detection performance,
cost, and sequencing time. Our analysis comprises the
examination of accuracy, specificity, sensitivity, and pre-
cision (i.e., positive predictive value), across various sim-
ulated metagenomic datasets. Our focus was primarily
on assessing the identification performance of specific
pathogens, particularly those frequently associated with
human outbreaks.

Methods

Mock metagenomes

To assess the performance of pathogen detection in
metagenomes with varying read lengths, we analyzed
several simulated metagenomes (i.e, mock metagen-
omes). Metagenomes were created using InSilicoSeq
(version 2.0.1) [6]. Each composition was randomly gen-
erated based on predefined throat taxonomic profiles
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obtained from the Metagenomic Sequence Simulator
(MeSS (https://github.com/metagenlab/MeSS), enriched
with metadata information from all taxonomic lev-
els using TaxonKit (version 0.17.0) [7]. Information on
pathogenic taxa was included from CZID (https://czid.
org/pathogen_list), Illumina Respiratory Pathogen ID/
AMR Enrichment Panel (RPIP) kit (https://www.illum
ina.com/products/by-type/sequencing-kits/library-prep-
kits/respiratory-pathogen-id-panel.html) and Viral Sur-
veillance Pathogen (VSP) targets (https://www.illumina.
com/products/by-type/sequencing-kits/library-prep-
kits/viral-surveillance-panel.html ). The mock metagen-
omes were generated with sequencing errors that mimic
those typically introduced by DNA sequencing platforms,
with reads of 75, 150, and 300 base pairs (bp) in length.
A total of 48 distinct mock compositions were created,
resulting in 144 synthetic metagenomes (Table S1). These
synthetic datasets included 489 unique taxa, comprising
34 viral pathogens and 183 bacterial pathogens.

We generated mock metagenomes with and without
related lineages to test the hypothesis that closely related
species would influence the ability to classify/identify
taxa. When defining the composition of closely related
samples, we randomly selected species from the same
genus or from different genera within the same family.
To be more specific in the problem we are looking at, we
also focus on mocks with and without pathogens follow-
ing the same logic (see Supplementary Information for
more details).

Mock metagenomes annotation

Our initial analysis started with quality control aimed at
evaluating sequencing quality and filtering out individual
reads. We applied a Phred quality score threshold of 20,
a minimum read length requirement of 50, and a maxi-
mum allowable number of N’s set at 2, all performed with
the fastp software (version 0.20.1) [8].

Kraken2 (version 2.1.2) was used for taxonomic identi-
fication [9]. This tool relies on k-mer profiles and employs
the Lowest Common Ancestor (LCA) algorithm for pre-
cise classification. At this step, we used the standard plus
PFP Kraken2 database provided by the developers of this
tool (available at https://benlangmead.github.io/aws-
indexes/k2, updated on Jun 5th, 2024), which contains a
diverse range of genomes from the NCBI RefSeq, includ-
ing archaea, bacteria, viruses, plasmids, humans, proto-
zoa, fungi, and plants.

Performance metrics

In our assessment of pathogen detection performance
at various read lengths, we examined the degree of true
positives (TP), true negatives (TN), false positives (FP),
and false negatives (FN) of the taxonomic annotation.


https://github.com/metagenlab/MeSS
https://czid.org/pathogen_list
https://czid.org/pathogen_list
https://www.illumina.com/products/by-type/sequencing-kits/library-prep-kits/respiratory-pathogen-id-panel.html
https://www.illumina.com/products/by-type/sequencing-kits/library-prep-kits/respiratory-pathogen-id-panel.html
https://www.illumina.com/products/by-type/sequencing-kits/library-prep-kits/respiratory-pathogen-id-panel.html
https://www.illumina.com/products/by-type/sequencing-kits/library-prep-kits/viral-surveillance-panel.html
https://www.illumina.com/products/by-type/sequencing-kits/library-prep-kits/viral-surveillance-panel.html
https://www.illumina.com/products/by-type/sequencing-kits/library-prep-kits/viral-surveillance-panel.html
https://benlangmead.github.io/aws-indexes/k2
https://benlangmead.github.io/aws-indexes/k2

Meirelles et al. BMC Genomics (2024) 25:856

These metrics were analyzed at the read-level separately
for each taxon in the metagenome composition based
on their identification accuracy. Reads correctly identi-
fied as belonging to the target taxon were deemed ‘true
positives, while those that failed to be recognized as such,
despite originating from the specified taxon, were catego-
rized as ‘false negatives. Conversely, ‘false positives’ refer
to reads erroneously assigned to this taxon when they
should not have been. “True negatives’ were defined as
reads accurately not classified as belonging to the taxon
in question.

This classification schema was uniformly applied across
all taxa present in the metagenome. Using these clas-
sifications, we constructed confusion matrices for each
taxon, enabling the calculation of key performance met-
rics, including Sensitivity, Specificity, Accuracy, and Pre-
cision (Table S2) [10].

Statistical analysis

To examine whether there were variations in the overall
pathogen detection performance across different read
sizes and mock sample compositions, we employed the
Friedman test, followed by pairwise comparisons using
the Nemenyi-Wilcoxon-Wilcox all-pairs test for a two-
way balanced complete block design. To test if the sensi-
tivity was correlated with taxa abundance, we performed
the Spearman correlation test. For all analyses, we con-
sidered significant differences when p-values were <0.05.
We conducted all statistical analysis and data visualiza-
tion using the R software (version 4.3.0) with the package
rstatix (version 0.7.2) and package PMCMRplus (version
1.9.8).

Results

We focused on evaluating the performance of different
read lengths (75, 150, and 300 bp) in terms of their abil-
ity to correctly identify metagenomic samples contain-
ing both viral and bacterial pathogenic reads (simulating
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infected individuals), while also evaluating the robustness
of the compared strategies to correctly identify samples
in which no pathogenic reads were present.

For viral pathogens, when using 75 bp read length, the
sensitivity median was 99%. This increased to 100% when
using 150 bp and 300 bp reads (Fig. 1A). For bacterial
pathogens, the sensitivity medians per read length (75 bp,
150 bp and 300 bp) were as follows: 87%, 95%, and 97%
(Fig. 1C). When considering both bacterial and viral taxa,
regardless of pathogenicity, sensitivity medians observed
were as follows: 94% for a 75 bp read length, 97% for a
150 bp read length, and 98% for a 300 bp read length
(Figure S1). While longer read lengths demonstrated
improved sensitivity, the findings suggest that even with
reduced read lengths (75 bp), sensitivity resulted in sta-
tistically similar performance metrics (compared to 150
bp and 300 bp reads) for many taxa (Figure S1), particu-
larly for viral pathogens. We also found that sensitivity
was not correlated with specific taxa abundance (Spear-
man correlation; p-value <0.001 and p=0.043; Figure S2).

Precision, which measures the accuracy of true positive
predictions, remained consistently high across all read
lengths, even with the shorter 75 bp reads. For viral path-
ogens, precision medians were measured at 100% for all
read lengths (Fig. 1B). For bacterial pathogens, precision
medians were as follows: 75 bp: 99.7%, 150 bp: 99.8%, and
300 bp: 99.7% (Fig. 1D). Considering all taxa, precision
medians were measured at approximately 100% for all
read lengths (Figure S2). These findings demonstrate that
positive predictions remain highly accurate even when
shorter read lengths are used.

Our analysis also assessed specificity and accuracy,
which are critical metrics in pathogen identification.
Specificity medians were 100% for all taxa and read
lengths, indicating the ability to correctly identify sam-
ples in which pathogenic taxa were absent, i.e., true nega-
tives (Figure S2). Similarly, accuracy medians exceeded
99.8% for all taxa and read lengths.

Bacterial Pathogens
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Fig. 1 - Sensitivity and precision for viral (A and B) and bacterial (C and D) pathogens species identification for 75, 150, and 300 bp read
lengths. Each boxplot represents the distribution of these metrics, and the black horizontal line within each box indicates the median value

for the respective metric at each read length
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We also tested whether the metric values signifi-
cantly varied among different read lengths. For viral
pathogens, significant differences in accuracy and sen-
sitivity were observed (Table S3), with the predomi-
nant differences observed between 75 bp read lengths
compared to the other read lengths (Table S4). In the
case of bacterial pathogens and the overall analysis of
all taxa, our investigation revealed statistically signifi-
cant differences across all metrics (accuracy, specificity,
sensitivity, and precision) (Table S5 and S6). Pairwise
comparisons between read lengths also demonstrated
significant differences, except for specificity and preci-
sion on bacterial pathogens when comparing 75 bp to
150 bp (Table S7), as well as precision bacterial path-
ogens and all taxa when contrasting 75 bp to 300 bp
(Tables S7 and S8).

Among the taxa examined, a subset demonstrated
exceptional identification performance across all met-
rics. Notably, these taxa consistently achieved minimum
values of accuracy exceeding 99%, specificity surpassing
99%, sensitivity exceeding 98%, and precision exceeding
92% across all read lengths. Among these taxa are several
relevant respiratory viruses, such as rhinovirus subtypes
A, B, and C, SARS-CoV-2, and human mastadenovirus
subtypes B, C, and E (Fig. 2). These findings are particu-
larly encouraging, highlighting the robustness of patho-
gen identification for these specific viral pathogens across
varying read lengths.

Accuracy

Precision

Sensitivity

75 150 300 75 150 300

Read Length (bp)

75 150 300
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Certain viruses presented challenges in achieving sat-
isfactory classification metrics (>50% performance)
irrespective of read lengths. Human rhinovirus sp.,
Parechovirus A, and Enterovirus subtypes A and B were
among the taxa that did not fare well in the perfor-
mance metrics analysis. Of these, Parechovirus A and
Enterovirus A showed some improvements in sensitiv-
ity when larger 300 bp reads were applied. The sensitiv-
ity for Parechovirus A increased from 5.4% at 75 bp to
25.4% at 300 bp. Similarly, the classification of Enterovi-
rus A was improved from 37.5% at 75 bp to 46.6% when
300 bp reads were employed. However, despite these
improvements, sensitivity rates for all these viruses
remained consistently below 50% across all read lengths.
We highlight that sensitivity remained constant to the
same taxon, for both easy and hard-to-find taxa, among
different types of samples, demonstrating robustness in
pathogen detection regardless of the underlying sample
taxonomic profile (Fig. 3 and S3).

In our pursuit of assessing the costs of various Illu-
mina read lengths within the context of pathogen iden-
tification, we have chosen to focus on sequencing costs,
which constitute ~ 23 to 70% of the total wet-lab-related
project cost (Table S9). This decision is driven by the
immediate and substantial economic impact that opti-
mizing read lengths can have on large-scale projects,
particularly in the context of public health surveillance
initiatives. Of note, the fixed costs, including sample
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Fig. 2 - Accuracy, precision, sensitivity, and specificity for viral pathogen species identification for 75, 150, and 300 bp read lengths. Each row
in the heatmap corresponds to a specific viral pathogen species. At the same time, the color gradient indicates the mean percentage value of each
metric, calculated for the taxon considering the samples in which it was present. Dark red color represents higher values and white represents lower

values
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Fig. 3 - Sensitivity for viral pathogens. We categorized samples as WoCS (Without Close Strain) and WiCS (With Close Strain). In this plot we report
the results of 300 bp read length. Each column represents a sample, the gray color indicates the absence of the taxon, the color gradient indicates
the sensitivity for the taxon, dark red represents higher values and white represents lower values. The WoCS and WiCS groups were composed

of the mock metagenomes from PNPT-WoCS plus NPT-WoCS and PNPT-WiCS plus NPT-WiCS, respectively. We show only the samples whose
composition has at least one virus from the pathogenic list, so the direct sum of the number of samples of these groups may not be the same

as the WoCS and WiCS samples in the plot

extraction and library construction for shotgun pro-
tocol (Table S10), were held constant across different
read lengths. As a model, we used the Illumina MiSeq
instrument, a benchtop sequencer widely adopted in
many molecular biology and clinical diagnostic labo-
ratories because of its flexibility of use and cost acces-
sibility. Table S9 details the sequencing features and
scenario characteristics of the experiment associated
with each read length. Financial costs were a primary
consideration, revealing distinctive expense levels for
each read length. We performed all cost estimations in
Brazilian Real (BRL), applying the closing exchange rate
from the Central Bank of Brazil on October 5, 2023,
where R$ 1.00 equals US$ 0.19. Although we recognize
that these costs may vary significantly across different
countries, the proportional relationships would remain
consistent among the different MiSeq sequencing run
kits used. At a multiplexing level of 25 samples per run
(i.e., 2 million reads per sample), the cost of paired 75
bp sequencing using a V3-150 cycle kit is $67.27 per
sample, while the cost of paired 150-300 bp sequencing
using a V3-600 cycle kit is $113.56 per sample. These
costs are considerably lower than using the V2-300

cycle kit for paired 75—150 bp sequencing, which would
cost $129.33 per sample.

Additionally, our approach considered sequencing
run time, which increases with increasing read length,
and can impact the turn-around time of outbreak inves-
tigations and the efficiency of large-scale projects. A 75
bp read length required a time investment up to 21 h
(exclusively considering the sequencing time), while the
150 bp read length extended this up to 36 h. The 300
bp read length, chosen for its greater depth of sequence
coverage, required the most significant time invest-
ment, with sequencing spanning up to 66 h.

To gain a comprehensive perspective, we conducted a
comparison relative to the 75 bp read length, serving as
the analysis baseline (1x). Transitioning to a 150 bp read
length resulted in a time requirement approximately 1.7
times greater than that of the baseline, while the cost
also increased approximately 1.7 times in comparison.
The move to 300 bp read lengths further escalated both
the time expenditure and monetary costs. Sequencing
with a 300 bp read length required approximately 3.1
times the time investment of the 75 bp baseline, with
approximately 1.7 times increase in costs (Figure S4).
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Discussion

In this study, we evaluated the impact of different Illu-
mina read lengths on metagenomic pathogen identifica-
tion using in silico mock metagenomes. We discovered
that while longer read lengths enhanced sensitivity, short
75 bp reads maintained similar levels of precision, speci-
ficity, and accuracy. Notably, this approach demonstrates
the feasibility of metagenomic sequencing for pathogen
identification, even when resource constraints limit the
use of NGS to layouts with shorter read lengths.

Our findings echo prior research highlighting the
trade-offs between read lengths and sensitivity in
metagenomic pathogen identification, particularly for
viral pathogen detection [11-14]. An intriguing result
from our analysis is the lack of a clear correlation
between the abundance of reads from a specific taxon
and its identification sensitivity. This suggests that the
identification sensitivity of certain taxa goes beyond
read abundance, underscoring the intricate dynamics
of pathogen identification within metagenomic datasets
depending on its genome composition or availability of
genomes in reference databases [9]. The reasons may
rise from the variety of strains for a given species, the
similarity of the genome with close species, the com-
plexity of the genome, and the genome size, among
others. In addition, while some taxa exhibit outstand-
ing accuracy and sensitivity, others pose unique chal-
lenges, emphasizing the need for ongoing optimization
in metagenomic sequencing techniques and analysis
[15, 16]. However, it’s important to acknowledge limi-
tations, such as our reliance on in silico mock shotgun
metagenomes, which may not fully replicate real-world
complexities. Additionally, our findings are contingent
on reference database completeness and accuracy, and
limitations in these databases can impact results. It
is, also, worth noting that the application of targeted
sequencing approaches (tNGS), i.e., RPIP, may further
enhance performance metrics, potentially impacting
the costs of read lengths in relation to pathogen identi-
fication performance [14, 17].

The implications of our findings are particularly rel-
evant for large-scale projects, enabling optimization in
resource allocation while maintaining a rapid response
capacity to infectious disease outbreaks, crucial for pub-
lic health policy. Our results suggest the judicious use
of shorter read lengths, such as 75 bp, for metagenomic
sequencing. This strategy ensures similar performance
metrics, significantly reduces costs, and expedites results
acquisition. This strategic use of resources allows large-
scale projects to optimize their workflows, effectively
allocate their budgets, and maintain a swift response
capacity in the face of infectious disease outbreaks.
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Conclusion

In conclusion, our study highlights the advantages of
prioritizing 75 bp read lengths during disease out-
breaks, where rapid pathogen identification is critical.
Shorter reads significantly reduce sequencing time by
approximately threefold and lower costs by approxi-
mately twofold compared to longer read lengths.
Despite their brevity, 75 bp reads demonstrate com-
parable precision across most viral and bacterial taxa,
although sensitivity may vary, particularly in bacte-
rial identification. This pragmatic approach optimizes
resource allocation, allowing for increased sample
throughput and streamlined workflows without com-
promising response reliability.

Moving forward, future research should continue to
explore cost-effective strategies, including targeted next-
generation sequencing approaches, to enhance pathogen
detection capabilities. Efforts to overcome proprietary
constraints on innovative technologies, such as Illumina’s
RPIP panel, will be essential for maximizing the broader
scientific community’s access to advanced diagnostic
tools and ensuring rapid and effective pathogen surveil-
lance and response.
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