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Abstract 

Taxonomic and functional community structures may respond differently to anthropogenic 

stressors. Used in combination they can provide an estimate of functional redundancy, a key 

component of ecosystem resilience. In this study the utility of incorporating functional community 

structure and co-occurrence network properties into impact assessments of offshore oil and gas 

(O&G) operations on benthic bacterial communities was investigated. Sediment samples and 
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physico-chemical data were collected along a transect at increasing distances from one exploratory 

drilling (ED), and one gas production and drilling field (GPD). Bacterial community composition was 

determined by 16S rRNA metabarcoding. A hidden-state prediction method (PAPRICA) was used to 

characterize bacterial metabolic community functions. At both sites, diversity differed significantly 

between near-field (impacted) and far-field (non-impacted) stations, with both taxonomic and 

functional alpha-diversity positively affected in near-field stations at the GPD site. The opposite 

pattern as observed in the near-field samples of ED with lower and higher values respectively. 

Overall, impacted stations displayed a distinct network signature, with a lower ratio of positive 

interactions and signs of higher community cohesion. Community profiles from metabolic inference 

and co-occurrence network topology provided complementary information to taxonomic indices, 

which may assist with assessing the effects of O&G activities on benthic communities. 

 

Introduction  

 

High-Throughput Sequencing technologies have greatly advanced the field of biomonitoring 

(Baird and Hajibabaei 2012). Environmental DNA/RNA (eDNA/eRNA; defined here as intra- and 

extracellular genetic material retrieved from environmental samples) and molecular methods such 

as metagenomics, metatranscriptomics, and metabarcoding are now used to complement traditional 

biomonitoring techniques (Bourlat et al. 2013; Bohmann et al. 2014). Metagenomics, the study of all 

genes contained in eDNA, and metatranscriptomics, the study of all transcripts found in eRNA, 

provide information on potential and actual microbial activities occurring in situ. Both methods 

require a combination of ‘deep’ DNA sequencing (high number of replicate reads) and 

bioinformatics to accurately annotate sequences (Gilbert and Dupont 2011; Knight et al. 2012; 
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Pascault et al. 2014). This results in high costs and large datasets that make these methods 

challenging to use for routine biomonitoring surveys. Conversely, metabarcoding focuses on small 

specific DNA/RNA fragments (barcodes), which are amplified, sequenced and taxonomically 

assigned using reference databases. This more selective method allows for fast, cost effective and 

accurate characterization of biological communities and is applicable to large-scale monitoring 

programs (Ji et al. 2013).  

Taxonomic information from metabarcoding data can also be used to deduce distinct 

functional traits associated with specific environments, and assess functional redundancy (e.g. 

number of species sharing similar functions) in a community, which can be used to help in 

estimating ecosystem resilience (Walker 1992; Chapin III 1997; Hooper et al. 2005). Datasets often 

contain hundreds to thousands of taxa and therefore, it is not feasible to manually investigate the 

functions associated with each identified taxon. Software packages such as PICRUSt (Langille et al. 

2013), Tax4Fun (Aßhauer et al. 2015) and PAPRICA (PAthway PRediction by phylogenetIC 

placement; Bowman and Ducklow 2015) have been developed to associate metabolic community 

functions using 16S ribosomal RNA (rRNA) gene data. These programs use a group of evolutionary 

models known as hidden state prediction methods (Zaneveld and Thurber 2014) to assign 

functional traits of organisms (including uncultured species), from the properties of closely related 

taxa. Functional profiles ascribed using such method have been tested and correlated with shotgun 

metagenomics (Langille et al. 2013; Rooks et al. 2014; Aßhauer et al. 2015; Bowman and Ducklow 

2015) and metabolomics profiles (McHardy et al. 2013). 

The PAPRICA program uses a phylogenetic placement approach for assigning each sequence 

to ‘edges’ (nodes in its built-in reference phylogenetic tree of 16S rRNA gene sequences from 

complete genomes), and accounts for genomic variability by computing a genetic plasticity index 

(phi; genome adaptation through loss or gain of DNA material). Furthermore, it estimates genome 
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parameters (e.g. mean genome size and mean number of coding DNA sequences per sample) which 

provide further insight into differences among biological assemblages under different 

environmental conditions. Functional profiling using a hidden state prediction approach is not 

intended to replace metagenomics analyses but can be valuable in cases where the number of 

samples and/or available funding prevent the application of more extensive sequencing methods. 

Oil and gas (O&G) drilling and production activities can have substantial effects on benthic 

ecosystems including: sedimentation and coarsening of sediment, increase of barium concentration 

and of a variety of other trace metals (arsenic, cadmium, mercury, etc.), which can result in reduced 

taxonomic and functional diversity of the benthic community (Ellis, Fraser and Russell 2012). Such 

effect has been observed in many studies (Neff 1987; Carr et al. 1996; Daan 1996; Ellis, Wilson-

Ormond and Powell 1996; Montagna and Harper, Jr. 1996; Currie and Isaacs 2005; Trannum et al. 

2010) and usually occur within 300 m from the wells (Ellis, Fraser and Russell 2012). 

Characterization of biotic associations is an alternative approach to biological diversity 

indicators to evaluate the condition of an ecosystem (Karimi et al. 2017). It has been proposed that 

in perturbed environments, alterations in association networks such as reduced network 

connectivity and complexity precede diversity changes, which subsequently influence the processes 

of an ecosystem (Valiente-Banuet et al. 2015), and may lead to the long-term reduction of its 

stability (Tylianakis et al. 2010). Few studies have compared global association network topology 

between impacted and non-impacted microbial communities (e.g. Zhou et al. 2011; Lupatini et al. 

2014; Zappelini et al. 2015; Karimi et al. 2016; Sauvadet et al. 2016; Lawes et al. 2017), and to our 

knowledge, none have been undertaken on offshore O&G drilling and production activities. 

In this study, changes in functional community composition and in biological associations 

were assessed to evaluate the effect of O&G drilling and production operations on bacterial 

communities. To do this, differences in biological assemblage structure and network parameters 
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at impacted and non-impacted sampling stations were investigated. Results obtained from 

metabolic assignment (pathways dataset [pathways associated with each taxon, herein ‘edges’]) 

to taxonomic attribution (OTUs dataset [operational taxonomic unit based on sequence similarity 

clustering], and edges dataset [sequences clustered by phylegenetic distance by PAPRICA]) were 

compared. We hypothesized that: (1) metabolic pathways relevant to the O&G drilling and 

production operations would correlate with their associated environmental parameters; (2) that 

the effect of O&G activities on alpha- and beta-diversity metrics would differ between the 

functional and taxonomic community profile as metabolic functions can be shared by taxa with 

different resistance to biotic and abiotic stress; and (3) that differences in biological network 

properties would be observed between taxonomic versus metabolic datasets and between 

impacted and non-impacted sampling stations, with reduced network connectivity and 

complexity in impacted stations. 

 

Material and Methods 

Field sampling 

 

Sediment samples were collected in the South Taranaki Bight region of the Tasman Sea 

(west coast of the North Island, New Zealand [Figure 1A]), at one gas production and drilling site 

(GPD; latitude 3938’, longitude 17318’) that has been active since 1979 and one exploratory 

drilling site (ED; latitude 39°20’, longitude 173°20’) that had been inactive for approximately 4 

months prior to sampling. At these locations, a uniform layer of soft sediment characterizes the 

seabed, with depths ranging from 100 to 120 m (Johnston and Elvines 2015; Skilton, Tiernan and 

Pannell 2015). Sampling permission was granted by each private company and in each case, no 
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endangered or protected species were involved. 

At the GPD site, sampling stations were located at 250 m, 500 m and 1000 m from the north 

and south axes of the platform (Figure 1B) and sampled in summer 2015. At the ED site, the removal 

of the drilling structure enabled sampling stations to be positioned closer to the impacted area, with 

stations at <5 m, 100 m, 250 m, 500 m and 1000 m from the wellhead centre extending from both 

the northern and southern axes of the platform (Figure 1B). At this site, samples were collected in 

winter 2014. Samples were collected in winter 2014 and summer 2015 at ED and GPD site 

respectively, and each station was sampled in triplicate resulting in a total of 45 samples (S1 Table). 

For analytical purposes, samples were grouped into near-field (impacted area) and far-

field (non-impacted area) sampling stations. The sites grouped into these categories varied due to 

the different levels of impact caused by the type and duration of activities undertaken. The near-

field sampling stations comprised samples ≤ 250 m for GPD and ≤ 100 m from drilling operation for 

ED. This decision was based on monitoring reports from Jonhnston and Elvines (2015) and Skilton 

et al. (2015)] and a previous study by Laroche et al. (2018). 

Sediment samples were collected using a modified stainless steel double van Veen grab 

following the methodology recommended in the Offshore Taranaki Environmental Monitoring 

Protocol (Johnston et al. 2014). The content of each grab was subsampled as described in Laroche et 

al. (2016, 2017)  for both physico-chemical analysis and eDNA/eRNA isolation. For the latter, 2 g of 

undisturbed surface sediment (top 1 cm from the surface sediment) were collected with disposable 

gloves and spatulas and placed in Life GuardTM Soil Preservation Solution (5 mL; QIAGEN, California, 

USA), stored on ice during transportation to the laboratory, and kept frozen (-20 C) until further 

processing.  
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Laboratory analysis 

 

Sample processing 

Physico-chemical analyses of each sample for sediment texture, organic content or ash-free 

dry weight, trace metals (arsenic, barium, cadmium, chromium, copper, lead, nickel, zinc, mercury), 

as well as screen metals (manganese, iron), polycyclic aromatic hydrocarbons (PAHs) and total 

petroleum hydrocarbon (TPHs), were performed by Resource and Environmental Management Ltd 

(Nelson, New Zealand) and Hill Laboratory Ltd (Hamilton, New Zealand) for the ED site, and by 

Cawthron Institute (New Zealand) for the GPD site. Details on analytical methods and their 

detection limits are provided in the supplementary information (S2 Table). 

Environmental DNA and RNA material were co-extracted using the PowerSoil™ Total RNA 

Isolation Kit and the DNA Elution Accessory Kit (QIAGEN, California, USA). RNA samples were given 

two consecutive DNase treatments as described in (Laroche et al. 2016, 2017), and converted to 

complementary DNA (hereafter referred to as eRNA) by using random hexamer primers and the 

Super-Script® III reverse transcriptase (Life Technologies, California, USA), following the 

manufacturer’s instructions. 

PCR amplification and library preparation of eDNA/eRNA for high-throughput sequencing 

 

The PCR amplification step was performed using the bacterial forward S-D-Bact-0341-b-S-

17: 5’-CCT ACG GGN GGC WGC AG-3’ and reverse S-D-Bact-0785-a-A-21: 5’- GAC TAC HVG GGT ATC 

TAA TCC-3’  primers (Klindworth et al. 2013), targeting the V3 and V4 region of the 16S ribosomal 

RNA gene. Each primer was modified to include IlluminaTM overhang adaptors as described in 

Kozich et al. (2013). The PCR reaction consisted of 20 μL of AmpliTaq Gold® 360 PCR Master Mix 

(Life Technologies), 8 μL of double-distilled water (ddH2O), 1 μL of each primer (10 µM, IDT, Iowa, 
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USA), 5 μL of GC enhancer (Life Technologies) to increase PCR yield, 2 μL of Bovine Serum Albumin 

(BSA; Sigma, Auckland, New Zealand), and 3 μL of template DNA (3 ng/μL) or 1 μL of eRNA (10 

ng/μL). The reaction cycling conditions were: 94°C for 3 min, followed by 30 cycles of 94°C for 30 s, 

52°C for 30 s, 72°C for 1 min, with a final extension step at 72°C for 5 min. Each PCR included a 

negative control (no template sample) to ensure there was no contamination of reagents. 

Amplicons were purified with AMPure® XP PCR Purification beads (Agencourt®, MA, USA) 

following the manufacturer’s instructions, quantified using a Qubit® Fluorometer (Life 

Technologies), and diluted to 3 ng/μL with ddH2O.  

Two distinct libraries were prepared for high-throughput sequencing analysis containing 

purified bacterial PCR products derived either from the eDNA samples or corresponding eRNA 

products. Both libraries contained a negative control (20 μL of ddH2O).  

Prior to sequencing, DNA originating from each sample were individually indexed using the 

NexteraTM DNA library Prep Kit (Illumina, California, USA). Libraries were sequenced on a MiSeq 

IlluminaTM platform using a 2×250 base pair paired-end protocol by New Zealand Genomics Ltd 

(Auckland, New Zealand). The raw sequencing reads are publicly available in the Sequence Read 

Archive under the accession numbers SAMN06640312 to SAMN06640393. 

Bioinformatics analysis of high-throughput sequencing data 

 

 Primers were removed from sequenced reads using fastq-multx (version 1.3.1), and 

sequenced reads paired-end trimmed with SolexaQA++ and merged with VSEARCH (version 2.3.0; 

(Rognes et al. 2016)). During the merging step, bases with quality score (Phred score) lower than 3 

at the 3’ end were removed, and reads shorter than 350 base pair or longer than 500 base pair were 

discarded. The maximum number of non-matching nucleotides allowed in the overlap region was 

set to five. Once merged, each read was quality filtered with VSEARCH on the expected error value, 
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using the default value of one. Remaining sequence data were dereplicated and sequencing artifacts 

and those originating from legacy DNA (Laroche et al. 2017) were removed by discarding each 

unique eDNA sequence that did not match, with 99% sequence similarity, another eRNA sequence 

co-extracted from the same sample. Chimera detection and filtering was performed with the 

Quantitative Insights Into Microbial Ecology (QIIME) package (Caporaso et al. 2010) using both de 

novo and reference based methods in Usearch61 (Edgar 2010). Remaining sequences were mapped 

to representative sequences of the Ribosomal Database Project (RDP; released version 16; (Cole et 

al. 2014)). Samples with less than 8,000 non-chimeric reads were discarded, and the remainder 

used in two distinct bioinformatics pipelines; (1) a sequence similarity clustering and taxonomic 

assignment method, and (2) a phylogenetic predictive method for taxonomy and functional 

profiling. In the first pipeline, unique sequences were clustered into OTUs with the Swarm 

methodology (Mahé et al. 2014) using a clustering threshold value of d3, allowing a maximun of 3 

mismatches between sequences. The seed sequence (most abundant read) of each OTU was 

taxonomically assigned with the RDP classifier using the RDP database (version 16; (Cole et al. 

2014)). In the second pipeline, sequences were imported to the PAPRICA program (version 0.4.0b; 

(Bowman and Ducklow 2015) and mapped against a 16S rRNA gene reference tree built from all 

complete bacterial genomes present in GenBank (4,252 genomes by March 2017). For each unique 

taxa, metabolic pathways were inferred based on the MetaCyc pathway database (Caspi et al. 2016). 

Outputs from PAPRICA included an edge (unique taxon) and pathway table similar to a ‘traditional’ 

OTU table, with frequency information per edge or pathway and per sample, which were 

subsequently used for downstream analysis. Hereafter, the three datasets will be referred to as the 

‘OTUs dataset’ and ‘edges dataset’ (sequences clustered by phylogenetic distance) for the taxonomic 

approach, and ‘pathways dataset’ (pathways assigned to each edge) for the predicted metabolic 

pathways methodology. 
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Data analysis and statistics 

 

To ensure that each sample and group (near- and far-field samples) had sufficient sampling 

depth for comparative analysis, sample completeness (measured by coverage-based rarefactions on 

diversity estimates [i.e. chao1 and Simpson index]) was assessed for the OTUs and edges datasets 

with the iNEXT package (Hsieh, Ma and Chao 2016) using 100 bootstraps and the R software (R 

Core Team 2017). 

Using the QIIME pipeline (Caporaso et al. 2010), alpha-diversity metrics Chao1 (Chao 

1984), Shannon (Shannon 1948) and Simpson (Simpson 1949) were generated at the lowest 

sequencing depth shared among samples, and a non-parametric t-test with 999 permutations using 

Bonferroni p-value correction method was performed on each index to test for differences between 

the two sampling station categories.  

To estimate the functional resilience within each sample, a score was computed based on 

the number of rare pathways contained by no more than three different taxa within a sample. A 

different weight was assigned to pathways according to the number of taxa containing it. Pathways 

contained by one, two and three taxa were given a weight of 3, 2 and 1 respectively. For each 

sample, the functional resilience score was calculated by summing the weight given to each rare 

pathway. To determine the direction of functional resilience (with highest value representing 

highest resilience), the scores were inverted by subtracting them from the maximum score value. 

The scores were then normalised to a range of 0 to 1. Significant difference between distance groups 

was tested with a Welch’s two sample t-test (Welch 1947). 

To assess differences in beta-diversity between the two sampling station groups and 

between the methodologies (taxonomic versus inferred metabolic pathways), the read abundance of 
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each dataset was normalised (rarefied to the lowest sequencing depth shared among samples) and 

standardised with the Wisconsin method (Bray and Curtis 1957). Bray-Curtis dissimilarity matrices 

were then generated using the Vegan package (Oksanen et al. 2017) within R software. Variance 

within each group (near-field and far-field stations) was tested with the Betadisper function. The 

dispersion of sample data was visualised using Bray-Curtis dissimilarity matrices and Detrended 

Correspondent Analysis. The relationship between each environmental factor with beta-diversity 

was analysed using the envfit function, where the correlation of each environmental factor with the 

projection point groups of the ordination are computed and displayed. 

Correlation between beta-diversity and physico-chemical properties of sediment was 

investigated with a Mantel test (999 permutations) with the Vegan R package, using the Bray-Curtis 

distance matrices described above, as well as Euclidean distance matrices of normalised 

environmental data, using square root transformed barium and TPH concentration data. A 

Procrustes rotation analysis (Lisboa et al. 2014) was also performed to further compare coordinate 

differences between the projection of biological samples and their associated environmental data. 

Differences in the ecological network parameters between near-field and far-field stations 

and between the taxonomic and inferred metabolic pathways datasets were assessed based on co-

occurrence or mutual exclusion using the SparCC program (Friedman and Alm 2012) with 20 

iterations and 100 permutations. Prior to the computation of correlations and p-values, taxa and 

pathways present in less than 50% of the samples within each group (near- and far-field stations) in 

each dataset were pre-filtered to minimize spurious correlations (Berry and Widder 2014). 

Interactions with a p-value > 0.05 and with a correlation value between 0.7 to -0.7 were discarded. 

Network analyses were performed in Cytoscape (Shannon et al. 2003), with the Network Analyzer 

plugin (Assenov et al. 2008). To account for sample size between the near- and far-field groups, only 

normalised parameters were considered (Table 1).  
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Pathways of interest expected to be impacted by drilling and production activities (Gittel et 

al. 2009; Gieg, Jack and Foght 2011; Price et al. 2011; Li et al. 2013; Mohan et al. 2014) were 

grouped together into the following pathway classes: nitrate reduction and nitrite oxidation, sulfate 

reduction, hydrocarbon related pathways, aromatic compounds degradation, and arsenate and 

mercury detoxification (S4 Table). These were then correlated with distance from wellheads, 

barium concentration (used as a proxy of general perturbation caused by drilling activities), and 

their relevant environmental parameter (e.g., mercury detoxification pathway with mercury 

concentration). These correlations and their significance were displayed in a heatmap generated 

using R. 

Significant differences between genome mean size, mean number of coding DNA 

sequences, and guanine-cytosine mean content per sample were compared between the near and 

far-field station groups using Welch Two Sample t-tests. 

 

Results 

High-throughput sequencing results 

 

A total of 8 samples failed to amplify from the 45 eDNA and 45 eRNA samples (S1 Table). 

The remainder yielded a total of 6,024,982 paired-end reads, which was reduced by 5.5% after 

merging, by 34.9% after quality filtering, by 44.2% after trimming eDNA sequences with eRNA, and 

by 0.04 % after chimera filtering for a total removal of 84.7% of the reads (S3 Table).  Two samples 

did not reach a minimum sampling depth of 8,000 reads and were discarded (S3 Table). One eRNA 

sample only contained 1,257 reads after quality filtering and did not have sufficient depth to 
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properly trim the corresponding eDNA sequences, this eDNA sample was therefore removed from 

downstream analysis (S3 Table).  

The sample coverage for each sample from each dataset and for each group category near- 

and far-field samples showed that the sampling depth was sufficient to capture most of the diversity 

(85% and 98%, respectively) to perform our comparative analysis (S1 Fig). 

The taxonomic composition of the OTUs and edges datasets were very similar, being 

dominated by Proteobacteria (82% and 81%, respectively) with a small proportion of unclassified 

bacteria (5% and 6%, respectively; S3 Fig). 

Changes in alpha and beta-diversity, functional redundancy and in genetic parameters 

 

Alpha-diversity 

For the OTUs dataset, a total of 12,786 OTUs remained after quality filtering. The metabolic 

inference datasets contained 658 edges (i.e., taxa, edges dataset) and 758 inferred pathways 

(pathways dataset).  

At the ED site, significant differences in alpha-diversity metrics were identified between 

near-field and far-field station groups of the OTU dataset, with lower richness and diversity in the 

near-field samples (Table 2). For GPD site, ‘observed OTUs’ was the only indicator where a 

significant difference was identified with higher relative richness near the platform. In contrast, the 

edges dataset showed significant differences for the GPD site only, with higher observed taxa and 

Shannon indices next to the platform (Table 2). For the pathways dataset, strong and significant 

differences were detected in diversity among the Shannon and Simpson indices of the ED site, with 

greater diversity near the well (Table 2). At the GPD site, the diversity was not strongly affected 

(only Shannon index was significantly different) while pathways richness differed significantly, with 

functional richness and diversity being higher near the well (Table 2). 
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Beta-diversity 

Analyses of variance between the distance matrices of near-field and far-field station 

groups showed significant differences for all sites and datasets, with the strongest Pseudo-F values 

for the edges (ED=2.32, GPD=4.85) and pathways (ED=5.41, GPD=6.28) datasets (Table S6).  

An overlap of the near and far-field station groups at the ED site was observed in the 

detrended correspondence analysis, with high dispersion of near-field samples (Figure 2). In 

contrast, there was a clear distinction between the distance groups observed at the GPD site. There 

were limited differences between the OTUs, edges and pathways datasets, apart from a higher 

dispersion of the far-field distance stations in the pathways dataset, especially at the GPD site 

(Figure 2). A higher number of environmental variables were significantly correlated to the 

dispersion of the near-field and far-field groups of the edges (ED=12; GPD=10) and pathways 

datasets (ED=14; GPD=16), compared to the OTUs dataset (ED=11; GPD=8; Figure 2). 

Mantel tests of the relation between beta-diversity and environmental variables revealed a 

similar trend with slightly higher Spearman correlation values in the edges and pathways datasets. 

The relationship was also much stronger at the ED site (Table 3). The Procrustes rotation analysis 

demonstrated that the sum of squared distances between corresponding points (biological and 

environmental data from same sediment sample) was markedly lower in the pathways dataset at 

both sites (Table 3). 
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Functional redundancy 

The functional resilience score was lower in the near-field stations (score = 0.53) at the 

ED site compared to far-field stations (score = 0.82), while the relationship was reversed at the 

GPD site (near-field score = 0.88, far-field score = 0.74, Table S5). However, differences were 

not significant at either site (p-value: 0.06 and 0.11 for ED and GPD respectively; Table S5).   

Genetic parameters 

At the ED site, only mean guanine-cytosine content (53 and 55.9 % for near- and far-field 

respectively) was significantly different (p-value = 0.03) between the stations groups (S5 Fig). In 

contrast, mean genome size (4,198,514 bp and 4,377,517 bp for near- and far-field respectively) and 

mean number of coding DNA sequences (3,574 and 3,712 for near- and far-field respectively) at the 

GPD site were both significantly lower (p-value < 0.001) in the near-field station group (S5 Fig). 

Network parameters 

In general, network parameters were similar among samples within the same distance 

group (near-field and far-field) at both ED and GPD sites, but varied between the three different 

datasets, and especially between the OTUs and the two inferred metabolic datasets (Figure 3, S4 

Fig). The clustering coefficient, network centralization and density, and average number of 

neighbours were higher in the near-field samples of the OTUs dataset, while the number of 

connected component and characteristic path length were higher in the far-field station of the edges 

and pathways datasets (Figure 3, S4 Fig). Despite these differences, the OTUs, edges, and pathways 

datasets all showed a higher characteristic path length, larger number of connected components 

and higher ratio of positive/negative interactions in the far-field samples (Figure 3, S4 Fig). 
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Correlations between functions of interest and relevant environmental parameters 

Pathways of interest were merged together to form classes of functions that were then 

correlated with relevant environmental parameters (S4 Table). At the ED site, the relative 

abundance of sulfur-reducing organisms decreased with distance from the well and were strongly 

and positively correlated with barium concentration (Figure 4). Mercury detoxification, hydrogen 

related pathways and arsenate detoxification all had weak but positive correlations with their 

associated environmental parameter. Because PAH concentration was below detection level, no 

correlation could be made with aromatic compounds degradation pathways. 

At the GPD site, all pathway classes had a negative correlation with distance from the 

platform, except for aromatic compounds degradation (Figure 4). The opposed pattern was 

observed with barium concentration. Mercury detoxification and hydrocarbon related pathways 

showed positive but weak correlations with mercury and total TPH, respectively. In contrast, the 

aromatic compounds degradation class correlated negatively with total PAH concentration. Since 

sulfur and nitrogen compounds were not assessed, no correlation could be made with the relevant 

pathway classes at either site. 

 

Discussion 

Differences in alpha- and beta-diversity  

The number of 16S rRNA copies varies among bacteria (1 to 15 copies; Lee, Bussema 

and Schmidt 2009; Rastogi et al. 2009), and adjusting this with a phylogenetic predictive method 

can improve microbial diversity estimates (Kembel et al. 2012). The OTU taxonomic approach, 
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which clustered sequences based on a percent sequence identity (herein the Swarm algorithm), 

created more taxa (12,786 OTUs) than the phylogenetic placement approach implemented in 

PAPRICA (658 edges). This variability is due to differences in clustering thresholds between the 

OTU taxonomic approach used (Swarm algorithm with d3 values) and the default phylogenetic 

distance threshold of the PAPRICA program, and the limited number of complete genomes 

currently available (n=4,252). The higher taxa resolution in the OTUs dataset may have 

contributed to the significant differences in richness identified at both sites. For indices lightly 

affected by rare taxa, such as Shannon and Simpson, the edges and pathways datasets showed 

higher and more significant differences in alpha-diversity. Nonetheless, the two taxonomic 

datasets (OTUs and edges) showed a similar pattern in alpha-diversity. The pathways dataset 

showed an increase in diversity at the ED site, while the OTUs and edges datasets decreased, 

demonstrating that the taxonomic and metabolic profiles provide different measures of microbial 

diversity. As the number of complete available genomes expands, metabolic inference methods 

will improve in resolution, possibly enhancing the potential to this methodology to assess 

environmental perturbations.  

Segregation and grouping of samples based on their beta-diversity is another useful 

way to assess impacts of different environmental conditions. In this study, significant differences 

were detected between the near- and far-field stations, but little differences were observed 

between the OTUs, edges and pathways datasets. However, the pathways and edges datasets were 

more strongly correlated with the monitored environmental parameters. This increased 

responsiveness of beta-diversity with the taxonomic and metabolic datasets derived from the 

PAPRICA methodology was also observed by Bowman and Ducklow (2015). They suggested 

that the phylogenetic placement approach may enable a better discrimination and grouping of 
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unique sequences compared to OTU clustering. The corrected 16S rRNA read abundance for the 

edges and pathways datasets may also have contributed to this increased correlation.  

Functional redundancy 

Species in a community often overlap in their ecological roles, contributing to 

functional redundancy (Walker 1992). Ecosystems with low functional redundancy tend to be 

vulnerable to small environmental changes, since the loss of few species can lead to a greater 

overall functional loss (Walker 1992; Gunderson 2000; Folke et al. 2004; Nyström 2006). In this 

study, a significant loss in OTU richness was observed in the near-field group at the ED site, but 

functional richness remained unaffected. Although the functional resilience score was lower at 

the ED near-field stations, the difference was not significant. In contrast at the GPD site, an 

increase in functional and taxa richness, and in functional resilience was observed in the near-

field stations. This suggests that the ecosystem’s resilience in the vicinity of the platform may not 

have been affected by the drilling and production activities. The difference between the patterns 

observed at the ED and GPD sites is possibly due to the intermediate disturbance at the former, 

with increased presence of opportunistic macrofaunal taxa (Johnston and Elvines 2015), and the 

detectable concentration of hydrocarbon products, which provide substrate for 

hydrocarbonoclastic bacteria. These results highlight the advantages of using both taxonomic and 

functional richness to provide complementary information for biomonitoring.   

Effects on genetic parameters 

An interesting option provided by hidden state prediction methods such as PAPRICA 

is the ability to investigate the relationships between environmental conditions and genomic 

parameters such as mean genome size, mean number of coding DNA sequences, and mean 
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guanine-cytosine content. Specialized bacteria such as symbionts and obligate pathogens, usually 

possess smaller genomes than free-living bacteria, and in previous studies, the size of bacterial 

genomes and mean guanine-cytosine content positively correlated with habitat complexity (Land 

et al. 2015) and temporal variability (Lear et al. 2017). The number of pathways in bacteria has 

also been associated with their capacity to grow in different environmental conditions (Land et al. 

2015). In the present study, the mean genome size and mean number of coding DNA sequences 

were significantly lower in the near-field station at the GPD site. Genome size is partially 

dependent on the number of functional genes and pathways it contains, therefore, it is not 

surprising to see similar values for both parameters. Given that meio- and macro-faunal diversity 

were also found in higher proportion at these near-field stations (Laroche et al. 2018), these 

results may be explained by a greater contribution of obligate symbionts and/or pathogens 

associated with the co-occurring eukaryotic community. 

 

Differences in network parameters 

In this study, we focused on normalized parameters to compare the topology of 

microbial network associations between groups (near- and far-field samples) of different size. 

The OTUs, edges and pathways datasets showed similar network patterns for the number of 

connected components and average path length, which were consistently smaller in the near-field 

samples. Networks with low number of connected components and small average path length are 

sometimes referred to as small-world networks and indicate a higher cohesion among the 

community members (Assenov et al. 2008; Layeghifard, Hwang and Guttman 2017), but can also 

be viewed as more sensitive networks. Since members are more closely connected, with fewer 
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independent modules, perturbations are less constrained and may spread more rapidly through the 

whole community (Delmas et al. 2017). Shorter average path length have also been observed in 

soil microbial communities under atmospheric pollution (Karimi et al. 2016) and metal 

contamination (Lawes et al. 2017). The cooperation level within a community, in the present 

study reflected by the number of positive versus negative interactions, was much lower in the 

near-field compared to far-field samples. This could result from prevalent mutual inhibition or 

competition for resources among taxa, or a reduction in mutualism interactions in the biological 

assemblages under stress. Karimi et al. (2016) also observed similar reductions in positive 

microbial interactions in soil samples under anthropogenic stress.  

Other parameters such as the clustering coefficient and network centralization, which 

represent proxies of network connectivity and distribution, and which are positively related with 

network stability (Maslov and Sneppen 2002; Crucitti et al. 2004), were higher in the near-field 

samples for the OTUs dataset. Reduced network connectivity and complexity in microbial 

communities under environmental stress have been previously characterized (Karimi et al. 2017). 

It is therefore surprising to observe the opposite trend in the OTUs dataset, especially in 

proximity of the ED well, where taxa richness and diversity were significantly lower. In contrast, 

the edges and pathways datasets, which were corrected for the abundance of 16S rRNA reads 

within a taxon, showed reduced clustering coefficient and network centralization in the near-field 

samples, and may therefore provide a more reliable representation of network topology.  

Overall, these results suggest that network parameters such as the ratio of 

positive/negative interactions, number of connected components and characteristic path length 

could be useful indicators of perturbation from O&G drilling and production. However, due to 
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the limited number of samples in this study, caution must prevail until further samples can be 

collected and analyzed. 

Correlations of inferred pathways with environmental conditions 

Drilling waste and production water naturally present in O&G reservoirs usually 

contain significant concentrations of aliphatic and polycyclic aromatic hydrocarbons, metals, 

sulfur and sulphides (Neff, Lee and DeBlois 2011). The degradation of organic compounds near 

the wells often leads to hypoxic conditions that foster bacterial anaerobic activity and the 

production of hydrogen sulphide, a corrosive agent affecting drilling equipment (Suflita and 

Duncan 2010; Williamson 2010). For these reasons, pathways responsible for the degradation of 

hydrocarbons and polycyclic aromatic compounds, sulfate reduction, and metal detoxification are 

of particular interest in O&G environmental monitoring.  

In this study, most inferred pathways correlated positively but weakly with their 

corresponding environmental element. At ED site, the exploratory drilling primarily affected 

sediment grain size distribution rather than contaminant levels (Skilton, Tiernan and Pannell 

2015) and therefore, these weak correspondences are not surprising. Additionally, these 

correlations are limited by the analytical detection limits, and it is possible that small variations 

were not captured. This assumption is supported by the significant negative correlation of most 

pathways of interest with distance from the wells, and the significant positive correlations with 

barium concentration at the GPD site. 
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Conclusion 

This study demonstrates that taxonomic and metabolic profiles derived from eDNA 

16S rRNA metabarcoding data yield different but complementary information on microbial 

community status. The combination of both approaches can be used to estimate the extent of 

functional redundancy within a community, and may provide insights into ecosystem resilience. 

The results from the present study showed that predicted pathways generally correlated with their 

associated environmental parameters and that impacted sites displayed distinct network 

signatures, enabling characterization of affected communities and improving knowledge on 

causative mechanisms. The results also indicate that community profiles from metabolic 

inference can complement the data obtained from taxonomic assessments and assist in evaluating 

the effects of O&G drilling and production activities on benthic communities.  
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Table 1: Description of network parameters from undirected networks used in this study. 

 

  

Network parameters Description 

Network clustering 

coefficient 

The clustering coefficient is a ratio N / M, where N is the number of edges 

between the neighbors of n, and M is the maximum number of edges that could 

possibly exist between the neighbors of n. The network clustering coefficient is 

the average of the clustering coefficients for all nodes in the network. Values are 

from 0 to 1 (Assenov et al. 2008). 

Number of connected 

component 

Nodes that are pairwise connected form a connected component. The number of 

connected components indicates the connectivity of a network – a lower 

number of connected components suggests a stronger connectivity (Assenov et 

al. 2008). 

Network centralization 

Represents differences between the centrality scores of the most central point 

and those of all other points. Indicates the overall cohesion of a network by 

showing how tightly the graph is organized around its most central point.  

Values are from 0 to 1  (Freeman 1978). 

Characteristic path length 
Average expected distance between two connected nodes (Assenov et al. 2008). 

 

Network density 

Shows how densely the network is populated with edges (self-loops and 

duplicated edges are ignored). A network which contains no edges and solely 

isolated nodes has a density of 0. In contrast, the density of a clique is 1 

(Assenov et al. 2008). 

Network heterogeneity Indicates the tendency of a network to contain hub nodes (Dong and Horvath 

2007). 

Ratio pos/neg relations Number of co-occurrence versus mutual exclusion interactions. 
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Table 2: Non-parametric t-tests with 999 permutations on the alpha-diversity metrics taxa or 

pathways richness, Shannon and Simpson indices between the near-field and far-field station 

groups, per dataset and per site.  

Datasets Richness Shannon Simpson 

 ED GPD ED GPD ED GPD 

t p-

value 

t p-value t p-

value 

t p-

value 

t p-

value 

t p-value 

OTUs -4.48 0.002* 2.53 0.03* -3.83 0.005* 1.75 0.11 -2.79 0.02* 1.38 0.16 

Edges -0.32 0.75 5.67 0.001* -1.42 0.19 3.69 0.003* -1.55 0.15 1.5 0.17 

Pathways 1.79 0.09 3.82 0.008* 5.83 0.001* 2.20 0.05* 4.89 0.001* -0.1 0.92 

ED = exploratory drilling site. GPD = gas production and drilling site, OTU = operational taxonomic 

units. Negative t values indicate lower richness or diversity in the near-field versus far-field sample 

group. Significant p-values are indicated by an asterix.  
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Table 3: Relationships between beta-diversity and environmental parameters investigated 

through a Mantel test and Procrustes rotation analysis.  

Datasets Mantel test 

 ED GPD 

r p-value r p-value 

OTUs  0.75 0.001* 0.44 0.001* 

Edges  0.76 0.001* 0.49 0.001* 

Pathways 0.79 0.001* 0.47 0.001* 

Datasets Procrustes rotation 

 ED GPD 

Sum of squares Sum of squares 

OTUs  9.64 7.514 

Edges  3.396 1.693 

Pathways 0.148 0.057 

ED = exploratory drilling site. GPD = gas production and drilling site. OTU = operational taxonomic 

unit. Significant p-values are indicated by an asterix. 
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Supporting information 

 

S1 Fig. Sampling coverage of each sample of the Operational Taxonomic Units dataset of the 

exploratory drilling (ED; A) and the gas production and drilling (GPD; B) site, and for the 

edges dataset of ED (C) and GPD (D) site. 

 

S2 Fig. Sampling coverage of the near-field and far-field distance groups of the Operational 

Taxonomic Units dataset of the exploratory drilling (ED; A) and the gas production and 

drilling (GPD; B) site, and for the edges dataset of ED (C) and GPD (D) site. 

 

S3 Fig: Pie charts displaying the proportions of the bacterial phyla and classes of the 

Operational Taxonomic Units and edges datasets.   

 

S4 Fig: Association networks based on co-occurrence and mutual exclusion per site, per 

dataset, and per distance groups (near- and far-field samples). Positive and negative 

interactions are displayed as green and blue lines, respectively. Taxa and pathways are represented 

as black circles with size proportional to their respective number of interactions.  

S5 Fig: Box plots showing differences in genome mean size, mean number of Coding DNA 

sequences (CDS), and mean guanine-cytosine (GC) content between station groups of each 

site and each dataset. ED = exploratory drilling site. GPD = gas production and drilling site. Results 

fromWelch two sample t-test are shown in each box plot, with significant p-values highlighted in 

bold. See Fig. 2 for interpretation of box plots.  

S1 Table. Samples identification, coordinates and environmental DNA/RNA amplification 

results. 

 

S2 Table. Analytical methods used for the external laboratory analysis of the physico-

chemical characterization of sediments. Adapted from Johnston et al. (2014) and Skilton et al. 

(2015). 

 

S3 Table. Number of read counts of bacterial (16S rRNA) sequences in each environmental 

DNA (eDNA) and RNA (eRNA) sample remaining after each bioinformatics step. 
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S4 Table. Pathways associated to each parent class. 

 

S5 Table. Welsh two sample t-test of the functional resilience score between distance 

categories. 

ED = exploratory drilling site. GPD = gas production and drilling site, OTUs = operational taxonomic 

units 

 

S6 Table. Analysis of variance between the two groups of distance matrices (near-field versus 

far-field stations) performed with the Adonis function and 999 permutations, for each 

dataset. ED = exploratory drilling site. GPD = gas production and drilling site, OTUs = operational 

taxonomic units. Significant p-values are in bold. 

Downloaded from https://academic.oup.com/femsec/advance-article-abstract/doi/10.1093/femsec/fiy167/5076376
by King Abdullah University of Science and Technology user
on 26 August 2018


