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Introduction: Microbes in the built environment have been implicated as a source of infectious diseases. Bacterial culture is the standard method for assessing the risk of exposure to pathogens in urban environments, but this method only accounts for <1% of the diversity of bacteria. Recently, full-length 16S rRNA gene analysis using nanopore sequencing has been applied for microbial evaluations, resulting in a rise in the development of long-read taxonomic tools for species-level classification. Regarding their comparative performance, there is, however, a lack of information.

Methods: Here, we aim to analyze the concordance of the microbial community in the urban environment inferred by multiple taxonomic classifiers, including ARGpore2, Emu, Kraken2/Bracken and NanoCLUST, using our 16S-nanopore dataset generated by MegaBLAST, as well as assess their abilities to identify culturable species based on the conventional culture results.

Results: According to our results, NanoCLUST was preferred for 16S microbial profiling because it had a high concordance of dominant species and a similar microbial profile to MegaBLAST, whereas Kraken2/Bracken, which had similar clustering results as NanoCLUST, was also desirable. Second, for culturable species identification, Emu with the highest accuracy (81.2%) and F1 score (29%) for the detection of culturable species was suggested.

Discussion: In addition to generating datasets in complex communities for future benchmarking studies, our comprehensive evaluation of the taxonomic classifiers offers recommendations for ongoing microbial community research, particularly for complex communities using nanopore 16S rRNA sequencing.
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Introduction

Built environment refers to man-made or modified structures that provide people with living, working, and recreational spaces. With the development of urbanization, people spend most of their time indoors. Microorganisms, especially the Enterococcus faecium, Staphylococcus aureus, Klebsiella pneumoniae, Acinetobacter baumannii, Pseudomonas aeruginosa, and Enterobacter sp. (ESKAPE), in the built environment have become a common source of infection (Rice, 2008; Neiderud, 2015; Wang et al., 2022). Microbial profiling of high-touch surfaces is an effective way for the surveillance of infectious agents in public indoor environments (Danko et al., 2021).

While the conventional culture-based method effectively identifies microorganisms with anti-microbial resistance, it only reflects <1% of the bacterial diversity (Pedron et al., 2020; Sala-Comorera et al., 2020; Marshall et al., 2021). Next-generation sequencing (NGS) directly traces DNA from the urban samples and characterizes microbial communities in a higher resolution (Kerkhof, 2021). However, second-generation sequencing has a low phylogenetic resolution and could not accurately classify microorganisms below the genus level because of the limitation of short read length (Kerkhof, 2021). In recent years, nanopore sequencing, developed by Oxford Nanopore Technologies (ONTs), has become a dominant microbiome analysis platform, which could generate reads with lengths up to 2 × 106 bases (Rodriguez-Perez et al., 2021). This enables bacterial identification to the species level with a 92–94% accuracy in mock communities (Benitez-Paez et al., 2016; Lao et al., 2022). Different bioinformatic pipelines have been established for the analysis of nanopore sequencing data.

To date, MegaBLAST is the gold-standard alignment tool for classifying nucleotide sequences, but it can be computationally intensive (Ye et al., 2019). The classification speed of the 5.7 million-read dataset was estimated to be 4 h using MegaBLAST, while a variety of alignment-free classifiers completed the task in significantly less time (<10 min) (Ye et al., 2019). Kraken2 coupled with Bracken is a recent alignment-free classifier that provides a fast taxonomic classification of nanopore sequence data (1 min) (Wood et al., 2019; Lu and Salzberg, 2020). It maintains high accuracy and sensitivity in metagenomics analysis by using the k-mer-based approach. After that, three long-read classifiers were developed. NanoCLUST, which is the first tailor-made method for full-length 16S amplicon sequencing of the nanopore, was published in 2021 (Rodriguez-Perez et al., 2021). It is based on Uniform Manifold Approximation and Projection (UMAP), followed by the construction of a polished read and subsequent BLAST classification. Nevertheless, it might provide false positives because of the use of consensus sequences (Curry et al., 2022). Recently, Emu has been published to profile microbial communities using full-length 16S data (Curry et al., 2022). It claimed that the implementation of an expectation–maximization (EM)-algorithm could identify bacterial abundance more accurately than all the existing methods. Meanwhile, ARGpore2 was established to identify antibiotic resistance genes (ARGs) and their host populations from nanopore reads (Cheng et al., 2022). It combined the results of Centrifuge and MetaPhlan2 (Metagenomic Phylogenetic Analysis) markergene database to annotate the taxonomy of nanopore reads (Segata et al., 2012; Kim et al., 2016).

While most researchers analyzed several mock communities of simple microbiomes to evaluate the accuracy, sensitivity, and specificity of the established classifiers (Deshpande et al., 2019; Winand et al., 2019; Leidenfrost et al., 2020; Urban et al., 2021), an actual and complex microbial community from the urban environment provides a better assessment of the classifiers. In this study, a total of 46 environmental samples were collected from the mass transit system of a city populated with 7.4 million people. The species-level microbial communities were determined by bacterial culture and nanopore 16S rRNA sequencing. Based on our nanopore dataset produced by MegaBLAST and conventional culture results, we aim to assess the clustering and concordance of the microbial community in the urban environment inferred by various taxonomic classifiers, namely ARGpore2, Kraken2/Bracken, NanoCLUST, and Emu. We demonstrated that the sequencing-based method uncovered misclassification and the absence of species, especially the pathogenic species, in the culture-based method. This study also offered an unbiased and comprehensive assessment of taxonomic classifiers for the analysis of full-length 16S reads in complex microbial communities, allowing researchers to identify the most reliable bioinformatic tools for the study of the urban microbiome.



Materials and methods


Sample collection

A total of 46 urban samples were collected from 18 stations of the mass transit system of Hong Kong in the period of July to October (summer season). Enviroscreen Sponges (Technical Service Consultants) were used to collect bacteria from the high-touch environmental surfaces, including handrails, ticket kiosks, automated teller machines (ATMs), elevators, and escalators according to the manufacturer’s protocol (Technical Service Consultants Ltd., 2014). The detail of the collection sites is shown in Supplementary Table S1. The sponges were filled with 50 mL of Milli-Q Water with 0.1% peptone water and 0.1% Tween 80 in a sealed bag and squeezed for 5 min. The extracts were collected and centrifuged for 15 min at 4,600 × g. The bacterial pellet was resuspended in 50 mL of peptone water and divided into two parts, culture (1 mL) and DNA extraction procedures (49 mL).



Species identification by culture-based methods

The resuspended bacterial pellet was cultured using the Brain Heart Infusion Agar (BHI Agar, BD BBL™) and CHROMagar Extended Spectrum β-lactamases (ESBL, Kanto Chemical), carbapenem-resistant Enterobacteriaceae (CRE, Kanto Chemical), multi-drug-resistant Acinetobacter (MDRA, Kanto Chemical), methicillin-resistant Staphylococcus Aureus (MRSA, Kanto Chemical), and vancomycin-resistant Enterococcus (VRE, Kanto Chemical). A total of 100 μL of the resuspended bacterial pellet was poured over the agar plates and spread evenly using the plate spreader. Six culture plates were placed in the incubator for 24 h at 37°C for each sample. Isolates of different morphology were picked and identified at the species level (score, 2.00) by the IVD MALDI Biotyper Microflex® with the database version BD-6763 (Bruker Daltonics, Bremen, Germany).



DNA extraction

DNA was extracted from the bacterial suspension using the QIAamp BiOstic Bacteremia DNA Kit (Qiagen) according to the manufacturer’s protocol. In brief, DNA was released after bacterial cell lysis via mechanical homogenization. DNA was then purified by column-based methods after inhibitor removal procedures and collected with an elution buffer. The DNA content was then quantified using the Qubit 2.0 fluorometer (Thermo Fisher Scientific) with the double-stranded DNA (dsDNA) HS assay kit (Thermo Fisher Scientific).



Taxonomic assignment by nanopore sequencing

Libraries were prepared using the 16S barcoding kit 1–24 (SQK-16S024) from ONT according to the manufacturer’s protocol and quantified using the Qubit as described earlier. A total of 24 barcoded libraries were then pooled with equal concentrations. After adapter ligation, sequencing was performed using the Flow Cell (R9.4.1) with the GridION (Oxford Nanopore Technologies) for >24 h. Raw reads from the nanopore sequencing were trimmed by NanoFilt (De Coster et al., 2018). Reads with an average read quality score of <8.0 and of length below 1,000 base pairs were discarded. The data details are listed in Supplementary Table S2. Urban samples with a total read of less than 10,000 were eliminated. The filtered clean reads were then classified by MegaBLAST (Nucleotide BLAST 2.13.0+) (Morgulis et al., 2008; Camacho et al., 2009), ARGpore2 (Cheng et al., 2022), Kraken2/Bracken (Kraken version 2.1.2 and Bracken 2.5) (Wood et al., 2019; Lu and Salzberg, 2020), Emu (emu v3.2.0) (Wang et al., 2022), and NanoCLUST (Rodriguez-Perez et al., 2021) using default parameters and database. In the MegaBLAST classification, the output of the first good hit found in the database with an E-value of less than 0.001 was chosen for each read (Shah et al., 2019). Species of relative abundance of <0.1% in the four classifiers were discarded in four classifiers (ARGpore2, Emu, Kraken2/Bracken, and NanoCLUST). Due to limited computer RAM, ARGpore2, Emu, and NanoCLUST were unable to analyze some of the samples. ARGpore2, Emu, and NanoCLUST were able to analyze 43, 44, and 22 of the 46 samples, respectively.



Filtered 16S sequencing data processing

Microbial profiles of eight groups, namely ARGpore2, Emu, Kraken2/Bracken, NanoCLUST, MegaBLAST (46 sites), MegaBLAST_ARGpore2 (43 sites), MegaBLAST_Emu (44 sites), and MegaBLAST_NanoCLUST (22 sites), were generated by the average abundance of the overlapped species. Species present in only one classifier were eliminated. The mean abundance of MegaBLAST and the four classifiers was calculated by (no. of reads from each species/ total no. of reads × 100%) and (mean relative abundance/ no. of sites × 100%,) respectively. In parallel, 20 urban samples (Site4, Site5, Site7, Site11, Site12, Site18, Site20, Site21, Site23, Site24, Site26, Site29, Site31, Site32, Site35, Site40, Site41, Site43, Site45, and Site46) that could be analyzed by all four classifiers were selected for downstream clustering analysis.



Principal component analysis and hierarchical clustering

For principal component analysis (PCA), the R function pcromp was used to generate the graph. Utilizing the 20 urban samples indicated earlier, a three-dimensional figure with the top three principal components (PC1, PC2, and PC3) was created by R using the microbial profiles of the five groups (ARGpore2, Emu, Kraken2/Bracken, NanoCLUST, and MegaBLAST). Afterward, hierarchical clustering was performed using the complete linkage method. The resulting species of dendrograms were separated into the earlier eight groups.



Statistical analysis and data availability

The microbial communities were assessed using phyloseq coupled with R-based computational tools in R-studio to generate the graphs (McMurdie and Holmes, 2013; McMurdie and Holmes, 2014; McMurdie and Holmes, 2015; Callahan et al., 2016). Performances of the classifiers were calculated as Accuracy = (TP + TN)/(TP + FP + FN + TN), Precision = TP/(TP + FP), Sensitivity (Recall) = TP/(TP + FN), Specificity = TN/(TN + FP), and F1 score = 2 × (Recall × Precision) / (Recall + Precision); TP: true positive (species was found in both outcomes), TN: true negative (species was absent in both outcomes), FP: false positive (species was found in one of the outcomes), and FN: false negative (species was absent in one of the outcomes). The values were based on the species’ total concordance between MegaBLAST and the four classifiers, as well as the species’ total concordance between nanopore sequencing using various classifiers and conventional cultures. Sequence data were archived in the National Center for Biotechnology Information (NCBI) Short Read Archive (SRA) (PRJNA875407).




Results


Species-level taxonomic assignment of the urban samples using nanopore sequencing

Collectively, 2,854 ± 1,250 species were identified in 46 urban samples by nanopore sequencing (256,112 ± 229,162 raw reads) using MegaBLAST (Figure 1A; Supplementary Table S3). Based on nanopore sequencing data from the same set of samples, Kraken2/Bracken was able to reveal the presence of 766 species and 314 genera (Supplementary Table S4) from 46 urban samples. Meanwhile, ARGpore2, Emu, and NanoCLUST analyses were performed but they could only provide a taxonomic classification for 43 (636 species and 332 genera, Supplementary Table S5), 44 (964 species and 346 genera, Supplementary Table S6), and 22 urban samples (747 species and 346 genera, Supplementary Table S7) because of limited computational resources (Figure 1B).
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FIGURE 1
 Species-level taxonomic assignment of the urban samples. (A) Total number of reads in each site and the number of species classified by MegaBLAST. (B) The number of bacterial species and genera in each sample identified by ARGpore2, Emu, Kraken2/Bracken, and NanoCLUST. (C) Average abundance of dominant species classified by ARGpore2, Emu, Kraken2/Bracken, and NanoCLUST. (D) Comparison of the top 10 dominant species between MegaBLAST and the four classifiers.




Dominant species in each sample by the four classifiers

The overall microbiome profiles generated by the four classifiers are shown in Figure 1C (Supplementary Table S8). In ARGpore2 analysis, the most abundant species were Ralstonia solanacearum (13.9% ± 15.7%), Moraxella osloensis (5.3% ± 6.7%), Ralstonia mannitolilytica (4.7% ± 5.2%), and Acinetobacter johnsonii (3.9% ± 10.2%) (Figure 1C). For Emu, the dominant species included Ralstonia sp. DMSP-S11 (27.8% ± 0.7%), uncultured Staphylococcus sp. (6.9% ± 0.1%), uncultured Acinetobacter sp. (5.1% ± 0.3%), and Enhydrobacter aerosaccus (1.6% ± 0.0%), while in Kraken2/Bracken classification, Ralstonia solanacearum (21.7% ± 24.2%) was also the most abundant, followed by Staphylococcus aureus (5.5% ± 4.0%), Acinetobacter baumannii (4.7% ± 7.3%), and Moraxella osloensis (4.5% ± 5.9%) (Figure 1C). It is important to note that Enhydrobacter aerosaccus was distinctively detectable in Emu. In addition, NanoCLUST generated a similar result, in which Ralstonia solanacearum (32.2% ± 28.8%), Moraxella osloensis (6.2% ± 7.6%), and Staphylococcus saccharolyticus (4.4% ± 3.4%) were dominant (Figure 1C). In addition, the concordance of the top 10 dominant species between MegaBLAST and the four classifiers was determined. NanoCLUST showed the highest concordance (7/10), followed by ARGpore2 (3/10), Emu (3/10), and Kraken2/Bracken (3/10) (Figure 1D). Among the concordant species, only Moraxella osloensis could be consistently identified by all classifiers, while Ralstonia solanacearum was identified by all classifiers except Emu (Figure 1D). Cutibacterium acnes could also be identified by all the classifiers except ARGpore2.



Comparisons of the microbiomes classified by MegaBLAST and the four classifiers

In addition to the dominant core microbiome, microbial profiles classified by MegaBLAST and the four classifiers were also compared based on the abundance and microbial taxa results. In total, 20 urban samples from each of the four classifiers were chosen for principal component analysis (PCA) and hierarchical clustering analysis to ensure a fair comparison. PCA in Figure 2A illustrates that microbial profiles generated by the four classifiers were distinctively different except Kraken2/Bracken and NanoCLUST. Of them, the microbiome created by NanoCLUST (blue) and Kraken2/Bracken (red) had the highest similarity to that of MegaBLAST (dark blue) (Figure 2A; Supplementary Table S8). This observation was supported by the hierarchical clustering in Figure 2B (Supplementary Table S8), where the profile of NanoCLUST was clustered with MegaBLAST, followed by Kraken2/Bracken, ARGpore2, and Emu. Furthermore, the abundance of MegaBLAST-positive and negative species classified by ARGpore2, Emu, Kraken2/Bracken, and NanoCLUST is shown in Figure 2C. Importantly, the mean abundance of the detectable and undetectable species was 0.478% ± 0.196 and 0.017% ± 0.014%, respectively. Therefore, the 0.1% relative abundance cutoff was believed to be acceptable for filtering true negative species. The accuracy, precision, sensitivity, specificity, and F1 score of the four classifiers were then evaluated based on the species detected by MegaBLAST (Figure 2D; Supplementary Table S9). No significant differences were observed in the accuracy of the four classifiers but F1 scores showed the highest in NanoCLUST (6.64%), followed by Kraken2/Bracken (4.17%), ARGpore2 (3.60%), and Emu (2.35%) (Figure 2D).
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FIGURE 2
 Comparisons of the microbiomes classified by MegaBLAST and the four classifiers. (A) Principal component analysis of microbiomes classified by MegaBLAST and the four classifiers, 20 urban examples that appeared in all of the classifiers were chosen. (B) Hierarchical clustering of the bacterial FIGURE 2 (Continued)species abundances classified by MegaBLAST, and the four classifiers (C) Species classified by ARGpore2, Emu, Kraken2/Bracken, and NanoCLUST were detectable (Pos) and undetectable (Neg) by MegaBLAST. The y-axis represents the abundance of the classified species, and the values were the abundance means. (D) The average values for accuracy, precision, sensitivity, specificity, and F1 score of the four classifiers based on the species detected by MegaBLAST.




Comparisons of bacterial species identified by conventional culture and the four classifiers

Overall, 51 species and 19 genera were identified in 46 urban samples by the culture-based method. The dominant species belonged to Staphylococcus hominis (n = 28), followed by Bacillus cereus (n = 18), Staphylococcus haemolyticus (n = 18), and Staphylococcus epidermidis (n = 17) (Figure 3A; Supplementary Table S10). The identified isolates are listed in Supplementary Table S10. Afterward, we found that the mean abundance of the culture-based detectable species classified by ARGpore2, Emu, Kraken2/Bracken, and NanoCLUST was 0.640% ± 0.142% (Figure 3B). Notably, the mean abundance of the culture-based undetectable was 0.275% ± 0.129%, indicating that the 0.1% relative abundance cutoff, as proposed in previous studies (Zaura et al., 2009; Doan et al., 2016; Sun et al., 2021), might not be sufficient to filter true negative species. The mean abundance of the detectable species in Emu was the lowest (0.428%), followed by ARGpore2 (0.694%), NanoCLUST (0.733%), and Kraken2/Bracken (0.703%) (Figure 3B). This might explain the best performance in Emu, which has the highest accuracy (81.2%), specificity (84.8%), and F1 score (29%) (Figure 3Ci). Meanwhile, the accuracy (78.9%) and specificity (83.6%) of NanoCLUST were as high as Emu (Figure 3Ci). Although Kraken2/Bracken has lower accuracy and specificity, its sensitivity (55.9%) was much higher than others (Figure 3Ci; Supplementary Table S11). When the cutoff was changed to the mean abundance of the detectable species in MegaBLAST, i.e., 0.559, 0.663, 0.205, and 0.484 for ARGpore2, Kraken2/Bracken, Emu, and NanoCLUST, respectively, the accuracy and the specificity of all the four classifiers were > 80% (Figure 3Cii; Supplementary Table S11). Notably, Emu has the highest sensitivity, while its F1 score was still the highest (29.6%) (Figure 3Cii).
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FIGURE 3
 Comparisons of bacterial species identified by conventional culture and the four classifiers. (A) Bacterial presence in routine culture from the 46 urban samples. Each dot represents at least one colony that has been identified. (B) Species classified by ARGpore2, Emu, Kraken2/Bracken, and NanoCLUST were present (Pos) and absent (Neg) in culture. The y-axis represents the abundance of the classified species, and the values were the abundance means. (C) Bar plots of average accuracy, precision, sensitivity, specificity, and F1 score of the four classifiers based on the species present in culture using (i) 0.1% and (ii) mean abundance of the detectable species in MegaBLAST as the cutoff.




Nanopore 16S MegaBLAST failed to detect 13 culture-positive species

Four species, Acinetobacter nosocomialis, Bacillus thuringiensis, Staphylococcus xylosus, and Stenotrophomonas maltophilia, were detected by Kraken2/Bracken (orange dots) or ARGpore2 (black dots) but not by MegaBLAST (Figure 4A). Another nine cultured species were undetectable in all classifiers (blue dots), with five of them being Bacillus spp. (Figure 4A). Two Bacilli (Oceanobacillus profundus and Paenibacillus illinoisensis), Empedobacter brevis, and Stenotrophomonas rhizophila were also undetectable (Figure 4A). Interestingly, Empedobacter brevis was found in the conventional culture of Site 28 only (Figure 3A), whereas Empedobacter falsenii (Wautersiella falsenii) was found in its sequencing data (Supplementary Table S3). Additionally, MegaBLAST was able to detect other Oceanobacillus species at Site 1, Site 2, and Site 8 (Supplementary Table S3), which harbored Oceanobacillus profundus in conventional cultures (Figure 3A). Taken together, these species might be misclassified using nanopore sequencing.
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FIGURE 4
 Concordance of the culturable species between MegaBLAST and the four classifiers. (A) Detectable and cultured species in the four classifiers. The value represents the number of urban samples with the corresponding bacterial species concordant with the culture results. Red dots indicate the detectable species in MegaBLAST, while blue dots represent the absence of the species in the sequencing data. Four species were not detected by MegaBLAST but could be identified by Kraken2/Bracken and ARGpore2, which were labeled with orange and black dots, respectively. (B) Average F1 score (%) and specificity (%) increased in the complement results of culture and MegaBLAST while accuracy (%) decreased.




Species that are culture- and MegaBLAST-positive but undetectable in the four classifiers

The number of cultured species detected by nanopore sequencing is shown in Figure 4A. Most of the cultured species (74.5%, 38/51) were detectable by MegaBLAST. Among the 38 species, 39.5% (15/38) could not be classified by the four classifiers, which are highlighted in red in Figure 4A, including Wautersiella falsenii, Staphylococcus spps., Sphingobacterium multivorum, Rothia terrae, Pseudomonas spp. Kocuria kristinae, Corynebacterium aurimucosum, Bacillus spp., and Acinetobacter ursingii. For the detectable species (23/38, 60.5%), all classifiers could detect Bacillus cereus, Micrococcus luteus, Moraxella osloensis, Staphylococcus aureus, and Staphylococcus haemolyticus (Figure 4A). Importantly, only Kraken2/Bracken could detect Bacillus subtilis, Klebsiella pneumoniae, Staphylococcus caprae, and Staphylococcus pasteuri (Figure 4A). Although Emu could not detect Acinetobacter species because most of them are classified as Acinetobacter sp., it was the only classifier that can identify Pseudomonas putida and successfully found Enterobacter asburiae, Staphylococcus capitis, and Staphylococcus saprophyticus, while Kraken2/Bracken and NanoCLUST could not (Figure 4A). In addition, ARGpore2 exclusively detected Pseudomonas stutzeri and Staphylococcus lugdunensis (Figure 4A).



Complementation of nanopore 16S MegaBLAST and conventional culture results

The concordance of the culture and the MegaBLAST results is shown in Supplementary Table S11. It was highlighted that 60.4% of the species present in the MegaBLAST results were uncultivated, which were considered false negatives in the culture. To eliminate false positives in the outputs of the four classifiers, the MegaBLAST data were combined with standard culture results to create a new set of the occurrences of these 51 bacterial species (Supplementary Table S12). After removing these false positives, F1 scores of the four classifiers increased from 24.5% ± 3.7 to 46.7% ± 7.9%, while specificity increased from 78.9% ± 6.2 to 94.9% ± 4.1% (Figure 4B; Supplementary Table S11). The accuracy, however, decreased from 75.8% ± 5.0 to 51.4% ± 3.8% (Figure 4B; Supplementary Table S11).




Discussion

Herein we collected 46 samples from the mass transit system of Hong Kong and identified the bacterial community by conventional culture and nanopore full-length 16S rRNA sequencing. The performances of four taxonomic classifiers, namely ARGpore2, Emu, Kraken2/Bracken, and NanoCLUST, were evaluated based on a set of urban microbiome data generated by MegaBLAST. The ideal taxonomic classifier should demonstrate a high concordance of dominant species and a similar microbial profile as MegaBLAST, which was one of the most sensitive metagenomics alignment methods but computationally intensive (Ye et al., 2019). Second, we comprehensively compared the bacterial species identified by conventional culture and 16S nanopore sequencing and eventually provided recommendations for classifier selection.

Despite having a higher error rate and lower throughput than Illumina sequencing, nanopore sequencing can produce much longer reads, allowing for the study of complex microbial samples and the identification of rare taxa (Ciuffreda et al., 2021). Data analysis such as read mapping and de novo assembly for nanopore sequencing may be difficult due to specialized tools and expertise (Magi et al., 2018). Limited studies were performed to evaluate the performance of classifiers using 16S nanopore sequencing data (Ciuffreda et al., 2021; Curry et al., 2022). As such, our study looked into the use of nanopore sequencing for 16S microbial profiling. Kraken2/Bracken, which was not designed for nanopore sequencing, performed well in bacterial community classification, according to our findings. Following that, a comparison of Kraken2/Bracken to different nanopore classification tools (ARGpore2, Emu, and NanoCLUST) will be shown.

Previous studies demonstrated that the similarities between NanoCLUST/Emu and the expected mock communities were higher than that of Kraken2/Bracken (Rodriguez-Perez et al., 2021; Curry et al., 2022). While there were < 100 bacterial species in the mock communities used in NanoCLUST and Emu studies, our studies used actual communities with >700 distinct species. NanoCLUST, the first custom-built pipeline for analyzing nanopore 16S rRNA amplicon reads, had the highest concordance of dominant species and microbial profile similarity to MegaBLAST. In addition, NanoCLUST had the highest F1 score (6.64%). The underlying cause could be the use of subsequent BLAST classification in NanoCLUST (Rodriguez-Perez et al., 2021). Nevertheless, the time required for a 300,000-read dataset using NanoCLUST was 20 min, while MegaBLAST took >24 h in our computational analysis. In the clustering analysis, Kraken2/Bracken, which was the fastest taxonomic classifier (1 min) and could analyze all urban samples, had a similar microbial profile to NanoCLUST. Its F1 score (4.17%) was also higher than ARGpore2 (3.60%) and Emu (2.35%).

Curiously, the most prevalent species was Ralstonia solanacearum in all classifiers except Emu, where Ralstonia sp. DMSP-S11 was the most abundant. In addition, Emu could not provide an exact Acinetobacter and Staphylococcus species and therefore reported hits at a higher taxonomic rank that was labeled as “Acinetobacter sp.” and “Staphylococcus sp.” Excluding the two species identified only at the genus level as “Acinetobacter sp.” and “Staphylococcus sp.”, there were still a hundred other species that were classified at the genus level. This might explain its distinct microbial profile when compared with MegaBLAST. Taken together, NanoCLUST was the most desirable classifier for complex community profiling, followed by Kraken2/Bracken, ARGpore2, and Emu.

In addition to microbial profiling, the performances in culturable species detection of the four classifiers were also estimated. Overall, the concordance between culture and 16S sequencing was low (38.6%). A previous study indicated the challenge of cutoff selection for accurate microbial identification in complex community analysis (Sun et al., 2021). The relative abundance of 0.1% as the typical cutoff to filter true negatives is still inconclusive. To that end, we used the mean abundance of the MegaBLAST-positive species as the cutoff and thus lead to overall increases in accuracy, F1 score, and specificity of the four classifiers. Of note, Emu, which could not provide accurate microbial profiling based on a set of urban microbiome data generated by MegaBLAST, has the highest F1 score in culturable species detection. The combination of rrnDB version 5.635 (Stoddard et al., 2015) and NCBI 16S RefSeq (O’Leary et al., 2016) in the Emu 16S database might benefit the species-level classification process and effectively reduce the number of unclassified or misclassified reads (Curry et al., 2021). Interestingly, only Emu could detect Enhydrobacter aerosaccus among the four classifiers, which was found in 41 urban samples. It was revealed that Enhydrobacter aerosaccus was enriched in the public transit air microbiome of Hong Kong (Leung et al., 2021), and Enhydrobacter sp. was more prevalent in Asian individuals (Leung et al., 2015). Furthermore, the ability to eliminate the misclassification caused by nanopore sequencing through the expectation–maximization algorithm in Emu might explain the additional concordant species classified by Emu (Curry et al., 2021). Hence, the distinct microbial profiling by Emu is caused by the uncertainty of species-level identification. Only genus-level identification was given for Staphylococcus sp. and Acinetobacter sp. Therefore, Emu would be preferable if the uncertainty of species identification is improved. The inability of species-level classification, in addition to Emu, may account for the discrepancy between culture and 16S sequencing for all classifiers.

In the in-depth analysis of the concordance between culture and nanopore sequencing, 17.6% of culturable species were undetectable. Previous studies suggested that DNA isolation procedures, the main determinants of sequencing results, could result in some degree of DNA loss that might lower the final DNA quantities of some bacterial species and eventually cause undetectable species (Knudsen et al., 2016). Furthermore, misclassification is still a challenge to classify genomes from distinct species with a high genomic identity (Wood et al., 2019), especially for Bacillus spp. in our results. It has been indicated that Bacillus cereus was misclassified as Bacillus thuringiensis, owing to the 99.73% similarity in their 16S rRNA sequence (Rodriguez-Perez et al., 2021). Furthermore, MegaBLAST might misclassify Empedobacter brevis as Empedobacter falsenii (Wautersiella falsenii) due to its highest 16S rRNA gene sequence similarity (Schauss et al., 2015). Overall, the mismatch between culture and 16S sequencing could also be explained by the loss of bacterial DNA and misclassification.

Our results demonstrated that bacterial species of the highest abundance (Ralstonia solanacearum) in 16S sequencing were not present in the culture. Typically, 48–72 h of incubation at 28°C instead of 37°C is required for R. solanacearum (Pawaskar et al., 2014). Many bacterial species are unculturable in general growth conditions or survive before sample processing (Tringe and Rubin, 2005). In addition, it was reported that uncultured genera comprise 81% of bacterial species across urban environments (Lloyd et al., 2018). Meanwhile, some bacterial species may be missed in MALDI identification, leading to false negative results in conventional culture. The findings of combining MegaBLAST with conventional culture results showed that culture-negative but MegaBLAST-positive results significantly influenced the F1 scores of the four classifiers.

To conclude, it is suggested to use various tools depending on the applications. For 16S microbial profiling, NanoCLUST with a high concordance of dominant species and a similar microbial profile to MegaBLAST was desirable whereas Kraken2/Bracken, which had comparable clustering results to NanoCLUST, was also recommended. Second, Emu was preferred for recognizing culturable species accurately. Our unbiased and unsupervised assessment strategy could comprehensively evaluate newly developed classifiers, improved classifiers, and established classifiers of different step parameters for complex communities. It is recommended that the performance of the classifiers be investigated for both simple and complex communities. When using these classifiers, it will be beneficial to provide different parameters or settings, such as community complexity and sample types.
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