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Abstract

:

Water reuse is increasingly pursued to alleviate global water scarcity. However, the wastewater treatment process does not achieve full removal of biological contaminants from wastewater, hence microorganisms and their genetic elements can be disseminated into the reclaimed water distribution systems (RWDS). In this study, reclaimed water samples are investigated via metagenomics to assess their bacterial diversity, metagenome-assembled genomes (MAGs) and antibiotic resistance genes (ARGs) at both point of entry (POE) and point of use (POU) in 3 RWDS. The number of shared bacterial orders identified by metagenome was higher at the POE than POU among the three sites, indicating that specific conditions in RWDS can cause further differentiation in the microbial communities at the end of the distribution system. Two bacterial orders, namely Rhizobiales and Sphingomonadales, had high replication rates in two of the examined RWDS (i.e., site A and B), and were present in higher relative abundance in POU than at POE. In addition, MAG and ARG relative abundance exhibited a strong correlation (R2 = 0.58) in POU, indicating that bacteria present in POU may have a high incidence of ARG. Specifically, resistance genes associated with efflux pump mechanisms (e.g., adeF and qacH) increased in its relative abundance from POU to POE at two of the RWDS (i.e., site A and B). When correlated with the water quality data that suggests a significantly lower dissolved organic carbon (DOC) concentration at site D than the other two RWDS, the metagenomic data suggest that low DOC is needed to maintain the biological stability of reclaimed water along the distribution network.
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1. Introduction


Water scarcity is predicted to affect at least 45 countries worldwide by the year 2050 [1]. To alleviate water scarcity, alternative water resources like treated wastewater are increasingly being used for both indirect potable (e.g., drinking water in Singapore and California) and non-potable (e.g., irrigating agricultural crops in California) purposes. Prior to reuse, wastewater is conventionally treated through multiple barriers comprising of various technologies, for example clarifiers, activated sludge tanks, sand filters, and/or disinfection. Depending on the reuse purpose, local guidelines allow permissible levels of biochemical oxygen demand (BOD5, an indicator of organic carbon content), total suspended solids (TSS) and pH in the reuse water. For example, the United States Environmental Protection Agency (US-EPA) suggests ≤ 10 mg/L BOD5 and 2 NTU (for turbidity) in treated wastewater to be used for surface or spray irrigation of any food crops [2].



In addition to the presence of organic carbon and nutrients, treated wastewater still contains remnant microorganisms, with reported concentrations varying from 104 to 106 per L of treated wastewater depending on the log removal values achieved by the wastewater treatment plant (WWTP) [3]. Genetic elements associated with the microorganisms are also present due to both the upstream WWTP unable to remove them effectively or because of microbial die-off events that resulted in the dissemination of these elements [4].



The treated wastewater, including remnant microbial and chemical contaminants, is transported through distribution networks to either water reclamation plants for further treatment before it can be reused as potable water, or directly to the point-of-use (POU) (e.g., agricultural fields). In both instances, the treated wastewater may be transported over long distances depending on the spatial proximity between the WWTP and POU. Since organic carbon, nutrients and microorganisms are present, those portions of microorganisms that remain viable may regrow throughout the distribution network [5,6].



To mitigate microbial regrowth in the distribution system, residual chlorine is usually added as an oxidizing agent to impose antibacterial effect [7]. For example, in instances where the treated wastewater is used for irrigation of food crops, residual chlorine was suggested to be maintained at an optimal level of ≥1 mg/L to prevent microbial regrowth [2]. However, ammonia and organics can impose chlorine demand which would mean less residual chlorine is available to suppress microbial regrowth. The use of chlorine at the sublethal dosage can also co-select for antibiotic resistance genes (ARGs) [8,9]. Therefore, concerns arise when certain pathogenic species and/or other detrimental functional genes (e.g., antibiotic resistance genes) increase in relative abundance from the distribution point of entry (POE) to the POU. To illustrate, viable pathogenic species present in reclaimed waters can infect workers or consumers through accidental exposure, while functional genes can potentially be transformed into naturally competent soil bacterium to gain new functional gene traits [10].



Therefore, monitoring reclaimed water for both its bacterial community and functional diversity at both POE and POU would provide insights into potential changes in reclaimed water quality [11]. In recent years, an increasing number of studies has demonstrated the use of metagenomics to assess changes in bacteria, virus and gene diversity in various types of ecosystems. The strength of metagenomics is that it can generate a large dataset in a short time. With sufficient sequencing depth, one is able to provide comprehensive information related to bacteria, virus and genes present in the sample. To illustrate, bulk water samples from different reclaimed water distribution systems (RWDS) were collected, and ARGs abundance and diversity were analyzed through metagenomics [12]. Garner et al. observed that bacterial community was weakly correlated with ARGs. Instead, strong correlations were noted between 193 ARGs and plasmid-associated genes, suggesting that reclaimed water may be a potential source for disseminating plasmid-encoded ARGs at POU. A follow-up study further used quantitative PCR (qPCR) and metagenomics to identify opportunistic pathogens that are present in reclaimed water [13]. However, earlier studies only focused on characterizing the resistome and did not correlate the presence of these resistance genes to the microbial communities. In addition, changes in the microbial communities from POE to POU were not profiled. Additional bioinformatic analysis (for instance, genome binning) can be applied to provide additional insights into these two areas.



In this study, we downloaded the metagenomic sequencing data from the three RWDS (i.e., sites A, B and D) studied by Garner and et al., and reanalyzed the data through advanced genome-resolved metagenomic pipelines that can elucidate alterations in ARGs along with bacterial community from POE to POU. Specifically, metagenome assembled genomes (MAGs) was performed to determine relative abundance of each MAG, their replication indices, and the ARGs (including coverage and proportion of detection) in samples collected from POE vs. POU at each site. The assembly of contigs is anticipated to provide a better resolution of phylogenetic associations and at a potentially greater reliability than by only assigning identities to databases using only short reads. Subsequently, the water chemistry data made available by Garner et al. was used to determine correlation with changes in dynamics identified via metagenomics [12,13]. This study aims to demonstrate the use of metagenomics and appropriate bioinformatics to assess potential changes in reclaimed water quality.




2. Materials and Methods


2.1. Datasets Collection and Description


Datasets analyzed in this study are from an earlier publication [12], and include only those with sufficient sample size per study site to facilitate comparisons between POE and POU. Specifically, reclaimed bulk water samples were collected in three different reclaimed water distribution systems (RWDS), namely sites A, B and D. Overview for the WWTPs of three sites were as described, and all three WWTPs used chlorine or monochloramine as disinfectants [12]. At each site, water samples at POE and POU were first flushed for 30 s and collected in sterile 1 L polypropylene containers. All bottles were prepared with 48 mg sodium thiosulfate per liter to quench chlorine, and with 292 mg ethylenediaminetetraacetic acid per liter to chelate metals. Collected water samples were shipped overnight on ice and processed immediately upon arrival within 24 h [12]. Water chemistry measurement was as described [12]. Reclaimed water samples were concentrated by filtration (0.22 μm filter) and DNA was extracted from filter by FastDNA SPIN Kit (MP Biomedicals, Solon, OH, USA) [12]. Shotgun metagenomic sequencing for reclaimed water samples was conducted on Illumina HiSeq with 2 × 100-cycle paired end reads [12]. All sequenced datasets above 100 MB (23 in total) were downloaded from MG-RAST [14] in fasta format with the respective sample ID number shown in Supplementary Table S1, and all these datasets were pretreated by Garner et al., including adapter trimming, denoising and removal of sequencing artifacts. Specifically, a total of 11 POE and 12 POU samples were downloaded.




2.2. Identification of Bacterial Community Compositions and Metagenome Assembled Genomes (MAG)


Phylogenetic identification of the bacterial community of each sample was conducted by MetaPhlAn (3.0) [15] with default parameters. Output metagenome description tables were filtered according to taxonomical level of order. Non-metric multidimensional scaling (nMDS) of each sample was created by ggplot2 [16] packages in R. Heatmap of samples were created by ComplexHeatmap [17] packages in R. Average relative abundance of bacterial orders were computed. Bacterial orders with average relative abundance above 0.5% were defined as positive detection, and the Shannon’s diversity index for bacterial community in each water sample were computed by Vegan package [18] in R. Coefficient for linear regression between POU diversity index and water chemistry parameters were computed to establish correlation between water quality and microbiome. Bacterial orders detected from all three sampling sites (i.e., A, B, D) of sample type (i.e., POE, POU) were defined as shared bacterial order, indicating they are commonly detected in our sampling sites. A Venn diagram created by InteractiVenn [19] was performed for the detected bacterial orders across POE or POU samples.



Assembly was performed for all 23 samples independently using MEGAHIT (1.1.4) [20] with default parameters. Assembled contigs were conducted to genome binning on Anvi’o (6.2) [21]. Long contigs (>1 kbp) were filtered to perform read-mapping information on original sequenced datasets by Bowtie2 [22] and Samtools [23]. Bacterial single-copy genes of datasets were scanned by HMMER (3.3) [24] to estimate the genome completeness and redundancy throughout the binning process. Open-reading frames (ORF) of contigs were predicted by prodigal (2.6.3) [25], and functions (from database National Center for Biotechnology Information (NCBI) COGs [26]) related to the ORFs were annotated by DIAMOND (0.9.14) [27]. The taxonomy were assigned by Centrifuge (1.0.3-beta) [28]. Genome binning was first performed by Metabat2 (2.12.1) [29] and then manually performed on Anvi’o [21] relying on completeness and contamination parameters computed by HMMER (3.3) [24]. Genome bins that showed >50% completion and with <10% redundancy was exported from Anvi’o [21]. Quality of exported genome bins was evaluated by CheckM (1.0.9) [30] to further filter out those with >70% completeness and <10% contamination criteria within lineage-specific workflow. Genome bins that passed the abovementioned criteria were clustered within each sampling site for comparison and dereplication by dRep (1.4.3) [31]. The criteria used include those with 90% average nucleotide identity (ANI) in primary clustering, 99% ANI in secondary clustering and 70% coverage of the larger genome in each pairwise comparison. These dereplicated genome bins were termed as final “metagenome assembled genomes (MAGs)” and they were classified by GTDB-Tk (1.0.2) [32].




2.3. Relative Abundance and Indices of Replication of Metagenome Assembled Genomes


Short sequencing reads derived from the samples were mapped to MAGs by Bowtie2 [22] using default settings. Read mapping files were input into mapped.py (https://github.com/christophertbrown/bioscripts/blob/master/ctbBio/mapped.py) to select mappings with ≤1 mismatch. Recovered read mapping files and MAGs were imported into Anvi’o [21] to calculate the ‘mean coverage Q2Q3′ (defined as average depth of coverage across contig excluding nucleotide positions with coverage values falling outside of the interquartile range for that contig) as relative abundance of MAGs in samples. Read mapping files were also used to calculate the indices of replication (iRep value) [33] for each MAG in samples with default settings. The iRep is a quantitative measurement based on the function of both the percentage of the population that is replicating, and the number of simultaneous replication events [33], with values ≥1.5 defined as replication.




2.4. Antibiotic Resistance Gene Detection for MAGs and Read Contigs


Contigs in MAGs were translated into protein sequences and annotated by Prokka (1.13) [34]. Nucleotide sequence of proteins were exported to detect antibiotic resistance genes (ARGs) via Resistance Gene Identifier (RGI) (https://card.mcmaster.ca/analyze/rgi) [35] against CARD [35] database with ‘perfect and strict hits only’ and ‘high quality/coverage’ criteria. Heatmap of MAGs analysis including MAG relative abundance, indices of replication and ARG contents were created by ComplexHeap [17] packages in R.



Results from RGI [35] were also collated with Prokka [34] predicted protein sequence as the input for tag ‘external-gene-calls’ in Anvi’o [21]. Collated nucleotide sequences were imported to build up Anvi’o [21] analysis input with tag ‘ignore-internal-stop-codons’. Short reads of MAG from each water sample were extracted by Samtools [23] and they were mapped to nucleotide sequences of ARG by Bowtie2 [22]. Results were imported into Anvi’o [21] to compute the proportion of detection and coverage of ARGs across samples. Dotplots for ARG in each utility were created by Tidyverse [36] and Cowplot [37] packages in R. Correlation between ARG coverage of each MAG and MAG coverage of each sample were computed and plotted by ggplot2 [16].



Entire assembled read contigs of water sample were also analyzed for ARGs. These assembled read contigs do not form into MAGs, and were analyzed separately for this purpose in similar manner as that described earlier for MAGs. Student’s t-test (α = 0.05) was applied to determine the significant difference for ARG coverage between POE and POU.




2.5. Horizontal Gene Transfer Detection for ARGs from MAGs


Plasmids from contigs in MAGs were identified by PlasFlow [38] with threshold of 0.95. ARGs in plasmids were detected via RGI [35] against CARD [35] database with ‘perfect and strict hits only’ and ‘high quality/coverage’ criteria. Mobile genetic elements (MGEs) from contigs in MAGs were detected by BLASTX [39] against ACLAME [40] database with E-value 1 × 10−10. Contigs with MGEs were collated to detect ARGs via RGI [35] against CARD [35] database with ‘perfect and strict hits only’ and ‘high quality/coverage’ criteria.




2.6. Statistical Analyses for Water Chemistry Data


Water chemistry data of reclaimed water was derived from the earlier study by Garner et al. [12] Ten parameters, namely temperature, total chlorine, free chlorine, pH, turbidity, conductivity, dissolved oxygen concentration, total organic carbon, dissolved organic carbon and biodegradable dissolved organic carbon were measured. ANOVA (analysis of variance) [41] was applied to determine significant variable parameters through F-test with 95% confidence interval in global level.





3. Results and Discussion


3.1. Water Quality across Different Utility


A comparison of the water quality measured showed that site D has the lowest level of dissolved organic carbon (DOC), while other water quality parameters do not differ significantly from at least one or two of the other sites (Table 1). In contrast, site A has a significantly higher water temperature and higher pH than the other two sites. The total chlorine measured at site A was also significantly lower, while site B has significantly higher free chlorine. However, all measured forms of organic carbon at site B (i.e., TOC, DOC, BDOC) were significantly higher than the other two sites. The conductivity and dissolved oxygen concentration in site B were also significantly lower than that measured at sites A and D. Considering all parameters, especially DOC, this suggests that reclaimed water quality at site D may be better than that in site A and B.



A previous study revealed that microbial communities in ecosystems exposed to reclaimed water experienced significant shifts due to the presence of organic carbon contents [42]. In addition, the frequency of detecting E. coli and total coliforms increases in positive correlation with higher assimilable organic carbon content. It was further reported that chlorination can increase the level of BDOC by ca. 25 ± 16% and enhance the potential for microbial regrowth in the distribution networks. [43] It is therefore hypothesized that variation in the water quality observed among three sites, especially for variation of DOC, will likely account for differences in bacterial populations from POE to POU at these three sites. This is further elucidated by metagenome-assembled genome (MAGs) and annotations of the functional genes described in the following subsections.




3.2. Bacterial Composition across Different Samples and Sites


Based on MetaPhlAn, 37 bacterial orders were detected from the 23 bulk water samples. Detected bacteria were clustered into six groups based on sites (i.e., A, B and D) and type (i.e., POE vs. POU) (Supplementary Figure S1). Based on the average of the Shannon’s diversity index of each group, bacterial community became less diverse in POU compared to POE (Supplementary Table S2). Five bacterial orders: Propionibacteriales, Rhizobiales, Sphingomonadales, Pseudomonadales and Flavobacteriales were detected at average relative abundance above 0.5% in POU samples of all three sampling sites (Table 2). The number of shared bacterial orders were higher in the POE than POU samples (Supplementary Figure S2), suggesting that each site has different operating and/or environmental conditions for their RWDS that differentiated the microbial communities across the sites at POU.



Propionibacteriales was the only one which was present ubiquitously in all POE and POU samples. Through comparison between POE and POU samples, most bacterial orders decreased in relative abundance at each site from POE to POU (Supplementary Table S2). However, Sphingomonadales and Rhizobiales were more abundant in POU samples for all three sampling sites, and Pseudomonadales and Flavobacteriales were present in higher relative abundance in POU than POE samples from site B (Figure 1). Some bacteria were not detected in all three sampling sites but they had higher relative abundance in POU sample from particular site. For example, Nitrosomonadales were more abundant in POU water of site A, and unclassified Betaproteobacteria was more abundant in only POU of site D (Supplementary Table S2). The earlier study that elucidated the bacterial community of same set of POU samples at phylum level also observed that the bulk water was mainly comprised of proteobacteria [13], for which both Rhizobiales and Sphingomonadales belong to.



The correlation analysis for chemistry data indicated three parameters: conductivity (R2 = 0.52), TOC (R2 = 0.57), DOC (R2 = 0.58) potentially correlated with bacterial diversity in POU samples (Supplementary Table S3). Comparing the changes in the relative abundance of bacterial order between POE and POU, water samples in site D did not change as much as that observed in site A and B (Figure 1) and may be more biologically stable along the RWDS. This can potentially be explained by the high total chlorine and relatively low DOC present in reclaimed water samples collected at site D than A and B (Table 1).




3.3. Metagenome Assembled Genomes (MAG) across Different Samples


There were in total 36 MAGs recovered from assembly of contigs (Supplementary Table S4) but only 24 MAGs had passed several criteria including quality evaluation and dereplication (Supplementary Table S5). These recovered MAGs were classified and annotated into 10 different bacterial orders, namely Rhizobiales, Sphingomonadales, Flavobacteriales, Caulobacterales, Burkholderiales, Obscuribacterales, Planctomycetales, Mycobacteriales, Gemmatimonadales and Levybacterales (Supplementary Table S6).



There are three parameters applied to investigate those MAGs: log10 of mean coverage Q2Q3 per 10 million reads to denote the relative abundance of MAG; replication indices (iRep [33] value) as the replication rate of each MAG; detection of ARG by RGI [35] against CARD [35] database as the antibiotic resistance associated with the MAG.



Through the comparison between POE and POU samples in each site (Figure 2), it was observed that three Rhizobiales MAGs in site A (Rhizobiales_1, Rhizobiales_3, Rhizobiales_4) had consistently high coverage across both POE and POU samples (Figure 2A). Five MAGs in site A (Sphingomonadales, Rhizobiales_2, Burkholderiales, Obscuribacterales, Plancotomycetales) and four MAGs in site B (Burkholderiales_3, Sphingomonadales, Flavobacteriales, Burkholderiales_4) had higher coverage across POU samples than POE samples (Figure 2B, Supplementary Table S7). In contrast, relatively fewer MAGs with high coverage were identified at site D except for a single sample: ‘D_POU_Wi’ (Figure 2C).



The replication rates of MAGs were evaluated by iRep value, and most MAGs had little or low replication process (iRep value < 1.5). However, three MAGs were detected with iRep above 1.5, namely Rhizobiales_1 in sample A_POE_Sp, Burkholderiales_3 in sample B_POU_Sp and Sphingomonadales in sample B_POU_Fa (Figure 2, Supplementary Table S7). Rhizobiales was also reported as a member of consistent microbial community in reclaimed water microbiome [44]. In this instance, the iRep value suggests they were actively replicating in water samples. Our observations of these MAGs and their high iRep values agree with that reported by a separate study, which successfully isolated viable Sphingomonas and Flavobacterium from reclaimed water systems. [45] Specifically, Sphinogomonas and Flavobacterium regrew and remain viable after the wastewater treatment process by utilizing various sources of organic carbon (e.g., polymers, carbohydrates, esters) that are present in the reclaimed water [45].



In summary, we identified fewer MAGs in site D. On the contrary, site A and site B identified MAGs with active replication in POU samples (Sphingomonadales and Burkholderiales_3 in site B), reiterating that the RWDS of site D is likely more biologically stable than that in Site A and B. Considering that site A and B had higher DOC than site D (Table 1) and DOC has relatively high correlation (R2 = 0.58) with bacterial diversity in POU samples, the DOC may have contributed to the observed regrowth of Rhizobiales, Sphingomonadales and Burkholderiales in site A and B.



The detection of ARG in MAGs was based on RGI [35] with ‘perfect and strict hits only’ criteria as quality control (Supplementary Table S8). Five ARGs from four AMR (antimicrobial resistance) gene families: RND efflux pump (adeF; mtrA), tetracycline resistance (tet(D)), RNA polymerase binding protein (rbpA), and amino-salicylate resistant dihydropteroate synthase (folC) were detected. Specifically, adeF was detected in 8 MAGs across all three sites.



Two parameters, namely the proportion of detection and coverage per 10 million reads, were applied to describe the relative abundance of detected ARGs in MAGs. It was observed that these two parameters related to ARGs varied across POE/POU samples and across sampling sites (Supplementary Table S9, Supplementary Figure S3). In site A, five MAGs from three bacterial orders (Rhizobiales_1, Rhizobiales_3, Rhizobiales_5, Sphingomonadales, Obscuribacterales) were detected positive with adeF. AdeF was present in high relative abundance in three Rhizobiales MAGs of POE and POU samples. It was only detected in MAGs associated with Sphingomonadales, Obscuribacterales of POU samples (Supplementary Figure S3A). This suggests different bacterial orders were acting host to the same resistance gene adeF at different points of the distribution network, and that a mere correlation or network analysis of ARG with bacterial orders derived from short-read annotation analysis of metagenomics data like that performed in earlier studies [46,47] may not depict accurately which bacterial population is associated with that specific ARG.



In site B, adeF from two Burkholderiales MAGs were detected with high coverage in POU samples, while another ARG, mtrA, which is also an RND efflux pump, was not detected with high coverage in POU samples of Mycobacteriales (Supplementary Figure S3B). In site D, ARGs had much lower coverage than those in site A and site B, but adeF was still detected in Gemmatimonadales from sample D_POU_Wi (Supplementary Figure S3C).



Correlation between ARG relative abundance (coverage per 10 million reads) in MAGs and MAGs’ relative abundance (log10 of mean coverage Q2Q3) in POE and POU samples were obtained (Figure 3). A weakly positive correlation was observed in POE samples (R2 = 0.24), suggesting ARGs have very weak association with bacterial populations in the POE samples. Furthermore, a positive correlation was observed in POU samples (R2 = 0.58). This indicates that bacterial populations present in the POU samples may be more associated with ARGs than that in POE samples. In addition, analysis of bacterial composition revealed bacterial communities in POE was more diverse than that in POU samples (Supplementary Table S2). Considering that POE and POU had similar depth in terms of metagenome sequencing data, this might account for why it was harder to identify ARG features in POE MAGs and to establish a strong correlation.



Lastly, a large number of mobile genetic elements were detected in MAG contigs (Supplementary Table S10), but none of the ARGs were detected near to the flanking regions of these contigs, suggesting no clear evidence of horizontal transfer of ARGs.



In summary, through a genome-resolved approach that was based on MAGs, ARGs and MGEs associated with bacteria were evaluated and in turn provided a more in-depth characterization across both POE and POU of three RWDS compared to the earlier studies.




3.4. ARG Performance across Water Samples


Besides correlating ARG relative abundance with MAGs, we also detected ARGs from assembled contigs by RGI [35] and evaluated ARG relative abundance in each sample (Figure 4) to provide an evaluation of metagenome-resolved ARGs. Detailed information on the detected ARGs are listed in Supplementary Table S11, and the detected coverage and proportion of detection for the ARGs are listed in Supplementary Table S12.



In utility A (Figure 4A), 44 ARGs from 7 AMR gene families were detected, and they were dominated by adeF (RND efflux pump), at a relative abundance of 45.5% across all detected ARGs. Through student’s t-test (α = 0.05), 5 adeF: RND efflux pump_8 (p-value = 0.001); RND efflux pump 10 (p-value = 0.01); RND efflux pump_15 (p value = 0.04); RND efflux pump_17 (p-value = 0.04); RND efflux pump_19 (p-value = 0.001) and 1 OXA-50 (p-value = 0.004) were detected with greater coverage in POU than POE. In contrast, all the other ARGs were not detected with significant change in their coverage (Figure 4A).



In utility B (Figure 4B), 24 ARGs were identified from 9 AMR families. The majority of the detected AMR families was predominantly detected in POE samples. However, through student’s t-test (α = 0.05), 3 adeF: RND efflux pump_1 (p-value = 0.04); RND efflux pump_2 (p-value = 0.03); RND efflux pump_3 (p-value = 0.01) had higher coverage in POU samples at this site.



In utility D (Figure 4C), 14 ARGs from 8 AMR families were identified, with coverage that did not vary differently across POE and POU samples. This is with the exception of adeF gene, which had a high coverage and was detected only in sample ‘D_POU_Wi’. Through student’s t-test (α = 0.05), no ARG had higher coverage in POU samples at this site.



From results of Garner et al., three ARGs (sul1, blaTEM, qnrA) were elevated in POU samples than potable samples [12]. Although potable water samples were excluded in our analysis, we still observed adeF with increased relative abundance in POU samples in sites A and B (Figure 4). Most ARGs detected in our study at the POU samples are associated with the efflux pump mechanisms (e.g., adeF, qacH and tetD), similar to what was also observed in reclaimed water irrigation networks located in China [48]. The reason to account for this relative ubiquity of efflux pump-associated ARGs in reclaimed water at different geographical locations is unknown. However, we postulate that it might be due to chemical stressors that had favored for the enrichment of efflux pump mechanisms. For example, site B has the highest free chlorine level measured among the three sites (Table 1). Coincidentally, gene copies of tetZ, which was associated with efflux pump mechanism, when normalized against 16S rRNA gene copies, was also reported to increase by more than 17-fold after chlorination of final treated wastewater [49]. A proposed mechanism for bacteria to survive oxidative stress is through up-regulation of the efflux pumps to maintain an acceptable intracellular concentration of the reactive oxidative species [50,51]. This may in turn result in the enrichment of ARGs associated with efflux pump mechanisms at site B. Alternatively, although concentrations of antibiotic residues and heavy metals in the reclaimed water were not measured, efflux pump mechanisms can also be co-selected by these chemical stressors that are present.





4. Conclusions


In summary, this study demonstrates the use of metagenomics and relevant bioinformatics to assess reclaimed water quality along the distribution networks. Specifically, a combination of both genome-resolved and metagenome-resolved approaches was used to determine which bacterial order and their ARGs had increased relative abundance from POE to POU. By coupling the data derived from metagenomics with water quality measurements, the results obtained from this study imply that the water quality remain as an important parameter to monitor in a RWDS. Better water quality, especially a low DOC, could be essential to maintain biologically stabile reclaimed water. This is based on the observation that a relatively higher concentration of DOC can account for the regrowth of Rhizobiales and Sphingomonadales along the RWDS of A and B. In addition, ARGs that work based on efflux pump mechanisms were widely detected in reclaimed water. In particular, adeF was detected in increased relative abundance from POE to POU samples across RWDS of A and B and in one POU sample collected from D. As water reuse rates increase globally, metagenomics and analysis like that demonstrated in this study can be used to provide non-targeted and comparative analysis of the bacterial diversities along the distribution networks, in turn providing information on the reclaimed water quality to facilitate safe reuse.
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Figure 1. Heatmap for bacterial composition of water samples. Relative abundance of 37 bacterial orders (rows, including five unclassified orders) across 23 water samples (columns) is obtained based on assembled contigs of metagenomes. Names of water samples were based on Supplementary Table S1, and indicate the sampling sites, sample type and sampling season of each water sample. Cell color indicated the percentage of relative abundance for each bacterial order, and black cells indicated non-detection of bacterial order in the sample. Heatmap was separated through sampling sites (A, B, D) and sample type (POE vs. POU). 






Figure 1. Heatmap for bacterial composition of water samples. Relative abundance of 37 bacterial orders (rows, including five unclassified orders) across 23 water samples (columns) is obtained based on assembled contigs of metagenomes. Names of water samples were based on Supplementary Table S1, and indicate the sampling sites, sample type and sampling season of each water sample. Cell color indicated the percentage of relative abundance for each bacterial order, and black cells indicated non-detection of bacterial order in the sample. Heatmap was separated through sampling sites (A, B, D) and sample type (POE vs. POU).



[image: Water 12 03477 g001]







[image: Water 12 03477 g002 550] 





Figure 2. Metagenome assembled genomes (MAGs) from (A) site A, (B) site B, and (C) site D. Names of MAGs (row) are based on their classification at order level. Cell color in purple and green indicates relative abundance of each MAG, while the replication index is shown in shades of red. Positive presence of the mentioned antibiotic resistant genes (ARG) is indicated with a yellow cell. 
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Figure 3. Correlation between genome-resolved ARG relative abundance (mean coverage Q2Q3 per 10 million reads in metagenome-assembled genomes (MAG)) and MAG relative abundance (log10 of mean Q2Q3 coverage per 10 million reads in water microbiome) in (A) POE samples and (B) point of use (POU samples). Shade zone indicated correlation within 95% confidence interval. 
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Figure 4. Coverage and proportion of detection for ARGs across samples in (A) site A, (B) site B and (C) site D. Coverage (relative abundance) of metagenome-resolved ARG were computed through mean coverage Q2Q3 and larger circle indicated a higher coverage. Proportion of detection indicated the fraction of coverage, and bigger proportion of detection meant more complete detection of the ARG in that particular sample. Names of ARGs (row) are based on their antimicrobial resistance AMR gene family and their gene name. 
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Table 1. Water quality (average ± standard deviation) for the reclaimed water collected at sites A, B and D. Red arrow denotes significantly higher parameters at that site compared to other sites, while green denotes significantly lower. Data was obtained from earlier study by Garner et al. [12] for further statistical analysis.
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	Utility (Number of Samples)
	Temperature (°C)
	Total Cl (mg/L)
	Free Cl (mg/L)
	pH
	Turbidity (NTU)
	Conductivity (S/m)
	Dissolved Oxygen (mg/L)
	Total Organic Carbon (μg/L)
	Dissolved Organic Carbon (μg/L)
	Biodegradable Dissolved Organic Carbon (μg/L)





	A (n = 20)
	26.7 ± 4.3 ↑
	0.4 ± 0.4 ↓
	0.2 ± 0.2
	7.7 ± 0.3 ↑
	5.4 ± 10.8
	1354.4 ± 215.4
	6.5 ± 1.3
	5714 ± 2564
	6351 ± 2761
	2137 ± 2321



	B (n = 19)
	19.6 ± 2.9
	2.3 ± 3.1
	1.1 ± 2.1 ↑
	7.3 ± 0.2
	2.5 ± 2.6
	736.9 ± 80.3 ↓
	4 ± 1.4 ↓
	10,123 ± 6173 ↑
	11,087 ± 7014 ↑
	6094 ± 8777 ↑



	D (n = 20)
	20 ± 1.8
	2.7 ± 2.3
	0.2 ± 0.2
	7.2 ± 0.1
	2 ± 1
	1542.9 ± 283.1
	6.8 ± 2.4
	3961 ± 2120
	4333 ± 2069 ↓
	2621 ± 1238
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Table 2. The bacterial orders detected in all point-of-use (POU) samples across three sites and their relative abundance in percentage.
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	A-POE
	A-POU
	B-POE
	B-POU
	D-POE
	D-POU





	Propionibacteriales
	49.1 ± 28.0
	56.9 ± 29.8
	46.7 ± 37.0
	28.6 ± 45.8
	10.0 ± 6.7
	14.9 ± 10.9



	Rhizobiales
	--
	3.1 ± 2.1
	0.2 ± 0.3
	37.7 ± 41.5
	--
	6.0 ± 11.0



	Sphingomonadales
	--
	2.7 ± 3.3
	--
	8.9 ± 10.7
	0.02 ± 0.04
	6.8 ± 12.8



	Pseudomonadales
	2.2 ± 2.7
	1.8 ± 1.2
	3.8 ± 3.0
	12.5 ± 15.0
	8.4 ± 5.8
	7.2 ± 6.9



	Flavobacteriales
	3.3 ± 4.3
	0.8 ± 1.6
	2.1 ± 3.0
	8.2 ± 12.7
	5.4 ± 0.1
	3.2 ± 2.7
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