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Abstract

Microbial communities influence key processes in oil reservoirs, including souring, corro-
sion, and hydrocarbon degradation, so characterizing them is important for reservoir man-
agement. Reliable characterization depends on obtaining a sample that represents the com-
munity living in the subsurface. As nucleic acids are difficult to recover from oil, produced 
water, the aqueous phase separated from reservoir fluids, is widely used as a convenient 
proxy for analyzing the reservoir microbiome. However, whether produced water faithfully 
represents that community, to our knowledge, has never been tested with paired samples.

We addressed this question using 16S rRNA gene amplicon and metagenomic se-
quencing of reservoir fluids and produced water collected from the same production 
wells across four North Sea oil fields. The two sample types harbored markedly different 
microbial communities and functional profiles. This difference persisted after account-
ing for reservoir identity, and it was larger than the differences between reservoirs. Pro-
duced water was less diverse, more uniform across fields, and dominated by aerobic 
genera associated with seawater and aquifers. Reservoir fluids, in contrast, retained 
the thermophilic, halophilic, and anaerobic taxa characteristic of the deep subsurface. 
Only 41% of reservoir-fluid genera and 21% of their amplicon sequence variants were 
also detected in the paired produced water, indicating overlapping broad taxa but largely 
distinct populations. Notably, the putatively native reservoir community remained de-
tectable in reservoir fluids even after decades of production, while produced water of-
fered only an incomplete, directionally biased view. Reservoir fluids should therefore be 
sampled wherever feasible to characterize the in-situ microbiome.
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Introduction

Microorganisms have long been recognized for their ability to degrade hydro-
carbons, with the earliest reports dating back to the work of Störmer (1908). 
This metabolic capability was soon suspected to extend to subsurface oil 
reservoirs (Bastin et al. 1926; Lipman and Greenberg 1932; Zobell 1945). Over 
the following decades, accumulating geochemical, microbiological, and culti-
vation-based evidence confirmed that active microbial processes occur in pe-
troleum reservoirs, as reviewed by Magot (2005). Today, it is well established 
that microbial communities inhabiting subsurface hydrocarbon reservoirs play 
key roles in redox transformations, organic matter mineralization, and other 
biogeochemical processes (Head 2017). This activity is not only of academ-
ic interest: microbial processes have direct operational consequences for pe-
troleum production. Sulfate-reducing microorganisms drive reservoir souring 
through hydrogen sulfide production, which is toxic, corrodes infrastructure, 
and lowers crude oil value. Microbially influenced corrosion compromises well 
and pipeline integrity. Therefore, managing these processes and monitoring 
reservoir dynamics more broadly depends on knowing which microorganisms 
inhabit the reservoir.

Characterizing a reservoir microbiome first requires obtaining a sample that 
represents the subsurface community, which is not straightforward. Microbial 
cells must be isolated and concentrated from the reservoir fluids before nucle-
ic acids from the cells can be extracted and sequenced. Cells in the aqueous 
phase are easily collected by filtration, whereas those associated with the oil 
phase are far harder to recover, requiring non-polar solvents and/or surfactants 
to separate them (Yoshida et al. 2005; Dellagnezze et al. 2016; Sierra-Garcia 
et al. 2017; Alibrandi et al. 2023). Handling and logistics of the oil phase is 
further constrained as these fluids are flammable and subject to stringent 
safety regulations, including during offshore handling and helicopter transport 
from platforms.

During offshore oil production, reservoir fluids (RF), i.e., crude oil, natural gas, 
suspended solids, and formation water, flow from the reservoir to a platform or 
a Floating Production Storage and Offloading (FPSO) vessel, where the aque-
ous phase is separated as produced water (PW). For clarity, RF refers to the 
whole, unseparated reservoir fluid, containing crude oil, formation water, and 
suspended solids such as sand; PW refers to the separated aqueous phase of 
RF. As subsurface oil reservoirs are anoxic environments, indigenous microbial 
communities are typically dominated by anaerobic organisms. Microbes resid-
ing in oil reservoirs are thought to dwell in oil-water transition zones (OWTZ; 
Pannekens et al. 2019; Rajbongshi and Gogoi 2021) or in water droplets sus-
pended in the oil (Schulze-Makuch et al. 2011; Meckenstock et al. 2014). It is 
therefore reasonable to expect that PW harbors microorganisms originating 
from the oil reservoir. However, formation water readily mixes with external 
water from surrounding aquifers and/or fluids injected for reservoir pressure 
maintenance. Such water is a well-documented source of exogenous micro-
organisms in production systems (Vigneron et al. 2017). We consider this the 
primary route by which non-reservoir microbes enter the production stream. 
Because oil does not mix with water, cells associated with the oil phase are 
kept apart from this aqueous mixing, while contaminants stay in the water. The 
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oil-associated community sampled in RF should therefore preserve the reser-
voir signal better than PW.

Microbial communities in oil reservoirs have been characterized extensively, 
using PW, RF, or both (Wang et al. 2012; Lenchi et al. 2013; Silva et al. 2013; Hu 
et al. 2016; Shelton et al. 2016; Kim et al. 2018; Sokolova et al. 2021; Song et al. 
2018; Alibrandi et al. 2026). Produced water is a particularly common choice, 
largely because it reflects the relative convenience of nucleic acid extraction 
from aqueous matrices, as well as logistical and safety constraints associated 
with handling and transporting RF. Produced water has also provided much 
of what we currently know about reservoir microbiomes. It is often taken to 
represent the reservoir community as a whole. Exactly what PW represents 
can depend on how it was obtained, whether it was separated from the oil and 
solid phases in the laboratory, drawn from platform oil/water separators, or 
collected at the wellhead with mini separators. Such details are not always re-
ported, even though both the fluid fraction sampled and the way the sample is 
handled are known to affect the community recovered (Kobayashi et al. 2012; 
Rachel and Gieg 2020). How well PW reflects the reservoir community has in 
any case rarely been checked, and as far as we know it has never been tested 
against reservoir fluid collected from the same wells. Whether the two can be 
used interchangeably is, in effect, an open question. Our samples allow us to 
address this question directly, since we have paired RF and PW from the same 
wells across four North Sea oil fields. Some difference between an oil phase 
and a water phase is expected, so part of what we test here is confirmatory; the 
real aim is to measure how large that difference is, which way it goes, and how 
consistent it is between fields, and from there to ask whether produced water 
is a reliable proxy for the reservoir microbiome.

We hypothesized that produced water (PW) is less representative of in situ 
reservoir microbial communities than reservoir fluids (RF). Specifically, we pre-
dicted that PW is depleted in the thermophilic, halophilic, and anaerobic taxa 
adapted to the deep reservoir, and is instead dominated by mesophilic, ma-
rine-associated taxa more typical of the aquifers and marine-influenced forma-
tion waters connected to the aqueous phase than of the reservoir itself. This 
prediction is falsifiable: it would not hold if RF and PW harbored similar commu-
nities, or if PW were as rich as, or richer than, RF in reservoir-adapted taxa. To 
test this hypothesis, we compared microbial communities from both sample 
types, collected from the same wells across four North Sea oil fields, using 16S 
rRNA gene amplicon and metagenomic sequencing, and assessed their repre-
sentativeness of reservoir conditions using the ecological and physiological 
traits of the detected taxa. Clarifying which sample type provides a more reli-
able proxy for the reservoir microbiome has direct consequences for how these 
communities are sampled and interpreted in studies of oil reservoirs.

Materials and methods

Samples

Samples were provided by Aker BP (Lysaker, Norway) and originated from 
four North Sea oil fields located 200–300 km offshore of Stavanger, Norway: 
Alvheim, Vilje, Volund, and Bøyla (Fig. 1; Table 1). The samples consisted of 
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Figure 1. Map illustrating the distribution of four oil fields serviced by the Alvheim FPSO vessel (image adapted from 
AkerBP 2024).

Table 1. Overview of the oil fields sampled with their respective year of discovery, commencement, and phase of production.

Field Discovery year Production start Production method Additional notes

Alvheim 1998 2008 Pressure is maintained by the underlying 
aquifer

Six discoveries, including East Kameleon 
(E.Kam.), Boa, and Kneeler B (KNB)

Vilje 2003 2008 Pressure is maintained by the underlying 
aquifer

20 km NE of Alvheim

Volund 1994 2009 Pressure is maintained by the underlying 
aquifer & produced water injection

10 km south of Alvheim

Bøyla 2009 2015 Pressure is maintained by produced water 
injection

28 km south of Alvheim

reservoir fluid (RF) samples and produced water (PW) samples, all of which 
were obtained directly at the wellhead.

For each production well, paired PW and RF samples were collected us-
ing standard 8-L miniseparators designed for representative sampling of 
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multiphase production streams. The miniseparators were connected directly 
to the production wells only during sampling, with no intermediate processing 
equipment between the wellhead and the sampling point. Before sampling, the 
miniseparator was thoroughly flushed with reservoir fluids for approximately 2 
minutes at an inlet pressure of 20 bar to ensure rapid fluid turnover and to min-
imize carryover of potential contaminants. The sampling cylinder was drained 
and refilled before the final sample was collected. Consequently, any influence 
of the sampling equipment on microbial composition is considered minimal.

Reservoir fluid samples contained varying amounts of an aqueous phase (0.1 
to 10% of total RF volume), as well as minor amounts of suspended solids. This 
aqueous fraction was not removed prior to downstream processing and was 
analytically treated as part of the RF sample, whereas PW samples represented 
the separately collected aqueous phase of the same well stream. The water 
content and amounts of suspended solids varied among replicate samples.

Temperature was not actively controlled during sampling but occurred at 
well stream temperatures close to the reservoir conditions.

For all four oil fields, in-situ reservoir temperature varied between 63 °C and 
66 °C at producing depths ranging from 2,100 to 2,200 meters below seafloor 
(mbsf). Water depths ranged from 120 to 130 meters. All four fields had the 
pressure maintained by underlying aquifers, produced water injections, or both. 
To the best of our knowledge, no seawater injection was carried out.

The Alvheim field comprises six discoveries, of which three were sampled 
in this study (East Kameleon [E. Kam.], Kneeler B [KNB] and Boa); Vilje, Volund, 
and Bøyla are separate fields tied back to the Alvheim FPSO. Their discovery 
years, production start dates, distances from Alvheim, and pressure-mainte-
nance methods are given in Table 1.

Samples were collected from each of the Volund, Bøyla, Vilje, E. Kam., Boa, 
and KNB reservoirs and oil fields (Fig. 1). All samples were collected aboard 
the Alvheim FPSO vessel directly into sterile, 0.5-litre glass bottles capped with 
polytetrafluoroethylene (PTFE) lined caps without headspace to maintain anox-
ic conditions, kept at room temperature during the 3 days needed for transport, 
and stored for approximately one week at 4 °C until analysis. Immediate freez-
ing was not feasible due to logistical and safety constraints associated with 
offshore sampling and helicopter transport.

Upon arrival, samples were opened and subdivided into reaction tubes in an 
anoxic glove box to avoid oxygen ingress. Samples were stored with a nitro-
gen headspace to ensure strict anoxia and avoid the growth of microaerophil-
ic organisms. All samples were delivered in duplicate bottles, each of which 
was subdivided into duplicate aliquots, resulting in four technical replicates 
per sample.

DNA extraction

RF samples consisted of a multiphase matrix containing crude oil, suspended 
solids, and a variable aqueous fraction. During DNA extraction, no physical sep-
aration or removal of the aqueous fraction from RF samples was performed 
prior to processing. In contrast, PW samples represented the isolated aque-
ous phase of the same reservoir fluids and were processed directly without 
oil-phase treatment.
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In an anoxic glove box, RF samples were mixed 1:1 with sterile phos-
phate-buffered saline (PBS) containing 0.1 vol% Tween 80. Following vigor-
ous shaking, samples were stored overnight at 55 °C. The next day, the polar 
fraction of the solution was filtered through Sterivex filters (pore size 0.22 µm; 
Merck KGaA, Darmstadt, Germany). To avoid contamination with airborne mi-
crobes, handling of the filter and subsequent DNA extraction were carried out in 
a laminar flow cabinet. Filter casings were cracked open, and filters were trans-
ferred to bead tubes. Before continuing with the manufacturer’s protocol for 
the PowerSoil Pro DNA extraction kit (DNEasy PowerSoil Pro kit, Qiagen, Hilden, 
Germany; Cat. No. 47014), 40 µl of 10% sodium dodecyl sulphate (SDS) was 
added to the bead tubes. The addition of SDS increased DNA yield from crude 
oil samples (Alibrandi et al. 2023). Unlike RF samples, PW samples required no 
cell/particulate separation from the oil matrix and, therefore, no PBS-Tween 80 
treatment was required. For reproducibility, PW samples were incubated over-
night at 55 °C (as for RF samples), then filtered and processed as described 
above. DNA extractions on blank Sterivex filters were conducted as negative 
controls. DNA was quantified using a Qubit 2.0 device and a dsDNA HS assay 
kit (Invitrogen, Carlsbad, USA).

16S rRNA gene amplification and sequencing

All samples were processed in triplicate. Bacterial and archaeal 16S rRNA gene 
fragments (V4 hypervariable region) were PCR amplified with the universal bar-
coded primer pair 515F (5′-GTG TGY CAG CMG CCG CGG TAA-3′) and 806R 
(5′- CCG GAC TAC NVG GGT WTC TAA T-3′). The final volume of each reaction 
mixture was 50 µl, consisting of 2 µl DNA template, 0.5 µl Taq DNA polymerase, 
2 µl dNTP, 2 µl MgCl2, 5 µl 10× polymerase buffer, 0.5 µl BSA, 2.5 µl of each prim-
er, and 33 µl PCR-grade water (EurX, Gdansk, Poland). PCR amplification was 
run at 95 °C for 5 min of initial denaturation, followed by 32 cycles of 30 sec at 
95 °C (melting), 30 sec at 56 °C (annealing), and 1 min at 72 °C (elongation), 
with a final elongation of 7 min at 72 °C. PCR products were cleaned using 
AMPure magnetic beads (Beckman Coulter, Brea, USA), and barcoded samples 
were normalized to 20 ng of DNA and pooled. Amplicon sequencing was per-
formed on an Illumina MiSeq platform using 2 × 300 base pair (bp) reads at 
Eurofins Genomics (Ebersberg, Germany).

16S rRNA gene sequencing data treatment and statistical analyses

Read demultiplexing was performed using Cutadapt v. 3.5 (Martin 2011) with 
the following parameters: -e 0.2 -q 15,15 -m 150 --discard-untrimmed. Amplicon 
sequence variants (ASVs) were generated using trimmed reads and the DADA2 
package v. 1.20 (Callahan et al. 2016) with R v. 4.1, applying the pooled ap-
proach with the following parameters: truncLen = c(220,180), maxN = 0, 
rm.phix = TRUE, minLen = 160. Taxonomic assignment was performed using 
DADA2 against the SILVA 16S rRNA SSU database release 138 (Quast et al. 
2013). ASVs representing chloroplasts, mitochondria, and/or singletons were 
removed. Partial 16S rRNA gene sequences were aligned using SINA online 
v.1.2.11 (Pruesse et al. 2007).
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Statistical analyses of alpha and beta diversity were conducted using the 
Vegan community ecology package in RStudio v. 4.3.1. Read counts were nat-
urally low across these low-biomass, oil-rich samples, so the 16S rRNA gene 
dataset was rarefied to 1,500 reads, the count of the lowest sample, to retain 
all samples and compare them on an equal basis. This depth ensures compa-
rability at the cost of reduced sensitivity to rare taxa. All downstream statistical 
analyses used this rarefied dataset. Two metrics were applied to evaluate mi-
crobial composition: relative read abundance of ASVs and α-diversity, including 
observed richness and Shannon index. To assess regional differences across 
reservoirs, we compared microbial beta-diversity using Bray-Curtis dissimilari-
ties, visualized with Principal Coordinate Analyses (PCoA), and tested statisti-
cally with a non-parametric one-way PERMANOVA. Sample groups were defined 
by reservoir and sample type (e.g., Vilje RF, Vilje PW) to enable pairwise com-
parisons. PERMANOVA significance was evaluated using 9,999 permutations, 
and p-values were adjusted for multiple comparisons using the FDR method 
for the pairwise tests and the Bonferroni correction for the pooled RF-versus-
PW comparison. PCoA revealed patterns of community dissimilarity, while the 
PERMANOVA assessed the statistical significance of these differences.

Beta-diversity between sample types (RF vs PW) was tested on Bray-Curtis 
dissimilarities (relative ASV abundance) and on Jaccard distances (presence/
absence) by permutational multivariate analysis of variance (PERMANOVA; 
9,999 permutations). To account for reservoir identity, a PERMANOVA was ad-
ditionally run with permutations restricted within reservoir (reservoir as a per-
mutation stratum) and as a two-way model (reservoir + sample type), partition-
ing variation between the two factors. Homogeneity of multivariate dispersion 
between RF and PW was assessed with PERMDISP (distance to the group cen-
troid in principal-coordinate space; 9,999 permutations). Community structure 
was ordinated by principal coordinates analysis (PCoA) with 95% confidence 
ellipses per sample type. Shared and exclusive taxa were quantified at ASV and 
genus level, with a taxon being scored present in a sample type when detected 
in at least one replicate. One reservoir-fluid replicate (Vilje) that contained no 
reads after rarefaction was excluded, leaving 49 samples (26 RF, 23 PW).

Indicator species analysis (IndVal; Dufrêne and Legendre 1997) was used to 
identify ASVs indicative of PW or RF, using the multipatt function in the indic-
species package (Cáceres and Legendre 2009) with 9,999 permutations; ASVs 
with p < 0.05 were considered significant indicators. Analyses used the same 49 
samples as the other 16S analyses (PW, n = 23; RF, n = 26). Before analysis, ASVs 
assigned to genera commonly reported as reagent or laboratory contaminants 
(Salter et al. 2014) were removed. Indicator ASVs left unassigned at the generic 
level by SILVA were identified by BLASTn against the NCBI nucleotide database.

Differential abundance between RF and PW was additionally assessed at the 
generic level with ALDEx2 (Fernandes et al. 2014). ASV counts were summed by 
genus; genera present in fewer than three samples or with fewer than ten total 
reads were removed (72 genera retained), and counts were centered-log-ratio 
transformed over 128 Monte Carlo Dirichlet instances. Genera were compared 
between RF and PW with a Wilcoxon rank-sum test and Benjamini-Hochberg 
correction; those with an expected BH-corrected p below 0.05 were considered 
differentially abundant.
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Metagenomic sequencing, de novo assembly, and gene annotation

DNA extracts were sent to CeGaT GmbH (Tübingen, Germany) for metage-
nomic sequencing. Libraries were prepared using the Nextera XT DNA Library 
Preparation kit (Illumina), and sequencing was performed on a NovaSeq 6000 
Illumina platform at CeGaT, aiming for 50 million read pairs (2 × 150 bps). The 
DNA concentration from the KNB-reservoir fluid samples was insufficient for 
metagenomic sequencing. Therefore, only KNB’s produced water is included in 
the metagenomic analysis.

Quality control and assembly of shotgun metagenomic reads

BBDuk (v. 37.09; Bushnell 2014) was used to remove Illumina artefacts and 
adapters from raw reads. Quality control and trimming were accomplished us-
ing Sickle (v. 1.33; Joshi and Fass 2011), and reads were de-duplicated with 
BBMap (v. 37.09; Bushnell 2014). Sourmash (v. 4.8.7; Pierce et al. 2019) was 
run on quality-checked forward reads with a k-mer (short sequence of length k) 
of size 31 to calculate Jaccard similarities between metagenomic samples. A 
Jaccard similarity of one indicates identical samples, while a zero means that 
no identical k-mers are found in the read sets. Quality-checked reads were as-
sembled with metaSPAdes (v. 3.15.5; Nurk et al. 2017), and we then removed all 
scaffolds smaller than 1,000 bp from FASTA files with pullseq (v. 1.0.2; Thomas 
et al. 2015; github.com/bcthomas/pullseq). Prodigal (v. 2.6.3; Hyatt et al. 2010) 
was run in meta mode to predict and translate genes into amino acid sequences.

PCoA of functional gene sequences

The 228,972 nucleotide sequences belonging to predicted genes from all 
metagenomes were clustered with MMSeqs2 (v. 15.6f452; Steinegger and 
Söding 2017) in cluster-mode 2, coverage-mode 1, with a minimum breadth 
of 95% and minimum sequence identity of 95%. Quality-checked reads were 
mapped against representative sequences from the resulting 77,195 clusters 
with bowtie2 (v. 2.3.5.1; Langmead and Salzberg 2012) in sensitive mode. 
Mappings were filtered to exclude all reads with more than five mismatches, 
and sequences were deemed present in samples if their minimum coverage 
breadth was greater than 95%.

Coverage values were normalized based on the bp counts of the forward 
read sequences. Only gene sequence clusters present in more than one sample 
were used for the PCoA calculation (to preclude the influence of under-sam-
pling; 36,831 non-singleton clusters remained). Bray-Curtis distances were cal-
culated from the normalized mean coverage depth using the R vegan package. 
MRPP and PERMANOVA (adonis2) tests were run in R to identify significant 
differences between sample types.

Prokaryotic community composition based on extended rpS3 gene 
sequences

To confirm the diversity in community composition detected with 16S rRNA 
genes, we extracted the ribosomal protein S3 marker gene (rpS3) from the 
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metagenomic data. RpS3 is found as a single copy within organisms, while 
16S rRNA genes are often found in multiple copies (Sharon et al. 2015), mak-
ing rpS3 a more reliable tool for resolving taxonomic assignments. Marker 
genes were identified via species-specific Hidden Markov Models (HMMs) 
and by comparing the amino acid sequences of predicted genes with diamond 
BLASTp (e-value cut-off of 1e-5; Buchfink et al. 2015) against the UniRef100 da-
tabase (downloaded on 23.06.2021; The UniProt Consortium 2019). The rpS3 
gene nucleotide sequences with 1,000 bp flanking regions were extracted from 
all samples and clustered with MMSeqs2 (v.15.6f452; Steinegger and Söding 
2017) in cluster-mode 2, coverage-mode 1, with a minimum breadth of 95% and 
minimum sequence identity of 95%.

RpS3 sequences were taxonomically annotated by comparing them with 
rpS3 gene sequences extracted from the GTDB database (GTDB v. 214; Parks 
et al. 2022) with usearch -ublast (v. 10.0.240_i86linux64; Edgar 2010), detail-
ing corresponding coverage, breadth, and taxonomy of extended rpS3 gene se-
quences (Suppl. material 1: table S1). Quality-checked reads from all samples 
were mapped against representatives using bowtie2 (v. 2.3.5.1; (Langmead 
and Salzberg 2012) in sensitive mode. Reads with more than 10% mismatches 
were excluded. Mean coverage depths of extended rpS3 gene sequences were 
calculated for all sequences with a coverage breadth greater than 95%. ANOVA 
and Tukey HSD tests were run in R to identify significant differences in commu-
nity composition between RF and PW samples.

Metabolic marker-gene abundance

As a targeted complement to the gene-cluster ordination above, we quantified 
the abundance of curated metabolic marker genes across the metagenomes.

All predicted protein-coding sequences were clustered using MMseqs2 (ver-
sion 18.8cc5c; Steinegger and Söding 2017) with 90% nucleotide identity and 
a minimum 90% covered fraction in coverage mode 1 and cluster mode 2. A 
small mapping index was built from the resulting cluster representatives using 
Bowtie2 (version 2.5.5; Langmead and Salzberg 2012), and quality-controlled 
reads were mapped to the representative sequences in sensitive mode. The 
resulting SAM files were converted to BAM format and indexed using Samtools 
(version 1.22.1; Li et al. 2009). CoverM (version 0.7.0; Aroney et al. 2025) was 
used to calculate Reads Per Million (RPM; based on the TPM metric) as a quan-
tification of cluster abundance and covered fraction, with a minimum read iden-
tity of 95% and a minimum aligned read fraction of 75%. RPM was set to zero 
if the covered fraction of a cluster representative was below 95% in the respec-
tive sample.

Cluster representatives were functionally annotated using three methods. 
First, a DIAMOND database (version 2.0.5; Buchfink et al. 2015) was gener-
ated from the Greening marker protein set, and representative sequences 
were searched against this database using DIAMOND blastx with an e-value 
threshold of 1 × 10-5. Second, MetaCerberus (version 1.4.0; Figueroa III et al. 
2024) was run in super mode using in-built Prodigal (Hyatt et al. 2010) and 
FragGeneScan (Rho et al. 2010) to predict amino acid sequences from the clus-
ter representatives. Searches were performed with an e-value threshold of 1 × 
10-30 against the complete MetaCerberus HMM database (downloaded on 05 



896Metabarcoding and Metagenomics 10: 887–912 (2026), DOI: 10.3897/mbmg.10.194096

Armando Alibrandi et al.: Reservoir fluids versus produced water as proxies for oil reservoir microbiomes

November 2025). Third, representative sequences were searched against the 
UniProt database (downloaded in 18 October 2024, The UniProt Consortium 
(2019) using DIAMOND blastx and an e-value threshold of 1 × 10-5.

Annotations were assigned hierarchically. Hits to the Greening marker pro-
tein database were prioritized. If no Greening annotation was obtained, annota-
tions based on MetaCerberus analyses using Prodigal predictions were used, 
followed by annotations based on FragGeneScan predictions. If no annotation 
could be assigned by these methods, the best-matching UniProt hit was re-
ported. The table was filtered for marker genes displayed in Suppl. material 2: 
fig. S4. Finally, to test whether the functional composition of each pathway as 
a whole differed between sample types, the RPM profiles of all marker genes 
within a pathway were compared between RF and PW by permutational multi-
variate analysis of variance (PERMANOVA; adonis2 function, vegan package) 
on Bray-Curtis dissimilarities, using 9,999 permutations.

Binning of metagenome assembled genomes (MAGs) and genome 
comparison

Length-filtered scaffolds were binned into MAGs using Abawaca (v. 1.0.0; Brown 
et al. 2015) and MaxBin2 (v. 2.2.7; Wu et al. 2016) with default parameters, bins 
were aggregated with DASTool (v. 1.1.6; Sieber et al. 2018), and the resulting 
selection was manually curated with uBin (v. 0.9.14; Bornemann et al. 2023). 
We then calculated completeness and contamination with CheckM2 (v. 1.0.1; 
Chklovski et al. 2023) and used GTDB-tk (v. 2.4.0; Chaumeil et al. 2022) with the 
Genome Taxonomy Database (v. 214; Parks et al. 2022) to assign taxonomy. 
The MAGs were placed into a de novo tree with GTDB-tk (v. 2.4.0; Chaumeil et 
al. 2022) de_novo_wf workflow, converted into an iTOLs usable format with 
GTDB-tk’s convert_to_itol workflow, and visualised with iTOLs (v. 6; Letunic and 
Bork 2024). We then applied Bowtie2 (v. 2.4.1; Langmead and Salzberg 2012) 
and samtools (v. 1.13; Li et al. 2009) to map all quality-checked reads against 
the combined MAG from all samples. Mappings were used to predict strain di-
versity and compare MAG presence/absence between RF and PW samples via 
inStrain (v. 1.8.1; Olm et al. 2021).

Coverage values of strains extracted from MAGs were normalized by the 
base-pair count of quality-controlled reads to correct for differences in se-
quencing depth between RF and PW samples. These normalized coverage val-
ues represent depth-corrected abundance estimates but were not further trans-
formed into relative abundances (i.e., not rescaled to sum to unity within each 
sample). The low-abundance human contaminant Streptococcus oralis (Ren et 
al. 2024) was discarded from further analysis (inStrain coverage and breadth 
values in samples provided in Suppl. material 1: table S2). Figures displaying 
resulting data were constructed in R v. 4.2.2 and RStudio v. 2023.09.0+46.

Results

Microbial communities in reservoir fluids and produced water

We characterized the communities by 16S rRNA gene metabarcoding. 
Throughout, we refer to a taxon as dominant when it accounts for at least 
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Figure 2. Taxonomic affiliation and diversity found in RF and PW samples. A. Bubble plot of the relative abundances 
of the most abundant taxa, representing 98% of all taxa (the remaining 2% rare taxa were omitted to avoid clutter; n = 
4), taxonomically annotated with DADA2 against the SILVA 16S rRNA SSU database (release 138; Quast et al. 2013); 
B. Shannon diversity indices of RF and PW samples (n = 4).

10% of the relative read abundance (16S rRNA) or of the normalized coverage 
(metagenomic) within a sample. In the metabarcoding data, RF samples were 
dominated by taxa reported in the literature as typical of hot oil reservoirs (close 
to 80 °C), including Caminicella, Petrotoga, and the halophilic genus Flexistipes 
(Fig. 2A; Dahle et al. 2008; Vigneron et al. 2017; Christman et al. 2020). PW 
samples, by contrast, were dominated by marine-associated genera such as 
Marinobacter (Xu et al. 2008) and Malaciobacter (Kim et al. 2010).

Metagenomic profiling based on the rpS3 marker gene (11 libraries, five RF and 
six PW) reproduced this contrast (Suppl. material 1: table S1). In RF, rpS3 iden-
tified taxa previously reported from reservoir fluids, including Haloanaerobium 
congolense (Ravot et al. 1997), Petromonas tenebris (Christman et al. 2020), 
Petrotoga spp. (Miranda-Tello et al. 2004), Thermoanaerobacter thermocopri-
ae (Collins et al. 1994), and members of the Thermovirgaceae family (Dahle 
and Birkeland 2006). In PW, rpS3 recovered aerobic, typically seawater-asso-
ciated genera, such as Marinobacter pelagius, which reached up to 98% of the 
16S-inferred relative abundance in the Boa reservoir, and Malaciobacter mari-
nus (Miller et al. 2018), which accounted for 61% of the relative abundance in 
KNB PW.

Taxa inferred to be potentially native to the reservoir were either absent or 
strongly underrepresented in PW samples. For example, species of Caminicella 
accounted for 86% relative abundance in RF but only 2% in PW from the Boa 
reservoir. Similarly, Syntrophotalea spp. accounted for 6% of RF in Vilje but were 
undetected in its PW. This pattern was consistent across all reservoirs (Fig. 3).
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Figure 3. Normalized coverage depth [count] of strains identified in metagenome-assembled genomes MAGs assembled 
from five RF and six PW metagenomes. Normalized coverage was calculated by adjusting the mean coverage depth of 
the entire metagenome-assembled genomes (MAGs) for differences in sequencing depth (base pair counts of the raw 
reads) of the metagenomes. This facilitated a direct comparison between RF and PW samples. Clustering IDs consist 
of the species and strain number from InStrain (Olm et al. 2021). Genomes are grouped by phylum and named after the 
smallest known taxonomic rank annotated through GTDB-tk (Chaumeil et al. 2022). Strains present exclusively in RF or 
PW samples are marked in black and blue, respectively.
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Overall, RF samples exhibited greater microbial diversity than PW, harboring a 
mean of 2.8 times more phyla (Suppl. material 1: table S1). Bacillota_A (p = 0.009) 
and Desulfobacterota_F (p = 0.0042) were significantly more abundant in RF, 
whereas Pseudomonadota (p = 1.1 × 10-11) were more abundant in PW. Shannon 
diversity indices derived from 16S rRNA gene sequencing data (Fig. 2B) further 
supported these observations, indicating higher diversity in RF. Among reservoirs, 
Vilje showed the highest microbial diversity, whereas Boa exhibited the lowest.

PERMANOVA analyses (Suppl. material 1: table S3) indicated significant differ-
ences across most sample groups before FDR correction, with uncorrected p-val-
ues ranging from 0.004 to 0.05, with a few exceptions. E. Kam. RF did not differ 
significantly from Bøyla, Vilje, or Volund RF. Similarly, Volund PW was comparable 
to its corresponding RF, and PW from Vilje and Boa showed no significant differ-
ences. After FDR correction, most comparisons were only near-significant (p = 
0.054), likely reflecting the relatively small number of replicates (n = 4). When all 
PW and RF samples were grouped together, PERMANOVA detected highly signifi-
cant differences (p = 0.0001), which remained robust after Bonferroni correction.

We reconstructed 26 MAGs from RF samples and 21 from PW samples 
(Suppl. material 2: fig. S1). PW MAGs were of higher quality than RF MAGs, 
with 16 of 21 exceeding 95% completeness and < 5% contamination, compared 
to 8 of 26 in RF (Suppl. material 2: fig. S2; Suppl. material 1: table S4); assembly 
statistics are given in Suppl. material 1: table S5.

Strains of anaerobic, halophilic, and thermophilic taxa, including Petromonas 
tenebris, members of the order Halanaerobiales, and Flexistipes spp. (Fig. 3; 
Suppl. material 2: fig. S1), were detected in both PW and RF samples, but were 
on average 10.6, 9.9, and 18.3 times more abundant in RF, respectively. In con-
trast, Marinobacter species were abundant in all PW samples but represented 
only a minor fraction of RF communities, being on average 6.4 times less abun-
dant and undetected in the Bøyla RF sample.

While most strains occurred in at least one RF and one PW sample, five strains 
(Syntrophotalea, Malaciobacter, Marinobacter, and Halomonas) were detected 
exclusively in PW. In contrast, 16 strains, primarily belonging to Bacillota_A, 
Deferribacterota, and Synergistota, were found exclusively in RF.

Indicator species analysis (IndVal) reinforced this asymmetry (Suppl. materi-
al 2: fig. S3; Suppl. material 1: table S6). Of the 28 ASVs significantly associated 
with a sample type, 25 indicated RF, and only three indicated PW, and every 
PW indicator was a Marinobacter ASV (IndVal up to 83%). The RF indicators 
were dominated by thermophilic, halophilic, and anaerobic taxa, the strongest 
being Flexistipes, Halomonas, Halanaerobium, Thermovirga, Dethiosulfatibacter, 
and Aeribacillus (IndVal > 75%). The reservoir thermophile Thermoanaerobacter 
was also recovered. This one-sided pattern, with many reservoir-associated 
indicators for RF against a single genus for PW, mirrors the differential-abun-
dance result (Fig. 5B; Suppl. material 1: table S7).

A compositional differential-abundance analysis corroborated the indica-
tor-species results and identified the genera driving the separation. Four genera 
differed significantly after FDR correction (BH < 0.05): Marinobacter, over-rep-
resented in PW, and Halanaerobium, Syntrophotalea and Flexistipes, over-repre-
sented in RF. A second tier of genera was nominally significant before correc-
tion, and all pointed toward RF (Dethiosulfatibacter, Halomonas, Thermovirga 
and Caminicella; Fig. 5B). Beyond Marinobacter, no genus was over-represented 
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in PW even at the nominal level. This asymmetry, a broad set of reservoir-as-
sociated genera concentrated in RF against a single dominant genus in PW, is 
consistent with produced water representing a depleted and externally imprint-
ed subset of the reservoir community.

Genetic distance between produced water and oil reservoir communities

Distinct clustering of microbial communities from RF and PW samples was 
confirmed by Bray-Curtis distances based on normalized 16S rRNA gene cover-
age (Fig. 4A), coverage of gene sequence clusters (Fig. 4B), and Jaccard simi-
larities of quality-checked reads (Fig. 4C).

Although Jaccard’s similarity might be influenced by sequencing depth, it 
has been previously used to differentiate metagenomic samples from different 
sites (Bozzi et al. 2024). The highest intra-metagenomic Jaccard similarities 

Figure 4. PCoA and Jaccard distances within RF and PW samples. A. PCoA of Bray-Curtis dissimilarities (16S rRNA, rela-
tive abundance). RF (black) and PW (blue) separate along PCo1 (48.8%). Dashed 95% confidence ellipses replace convex 
hulls. Marker shape = reservoir (n = 4); B. PCoA plot based on the abundance of 36,831 gene sequence clusters in eleven 
samples (RF samples in black, PW samples in blue); C. Heat map and dendrogram of Jaccard similarity and clustering 
between quality-checked metagenomic reads calculated by Sourmash.
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Figure 5. Taxon-level differences between reservoir fluid (RF) and produced water (PW). A. Shared and exclusive taxa, 
shown as Venn diagrams at genus level (left) and amplicon sequence variant (ASV) level (right). A taxon was counted 
as present in a sample type if detected in at least one replicate. Of the genera detected in RF, only 41% (111 of 269) were 
also found in PW, and of the RF ASVs, only 21% (193 of 928) were shared; PW additionally contained 67 genera and 928 
ASVs found in no RF sample; B. Genera differentially abundant between RF and PW, identified with ALDEx2 (Fernandes 
et al. 2014; Suppl. material 1: table S7): a compositional analysis using a centered-log-ratio transformation with Wilcoxon 
rank-sum test and Benjamini-Hochberg correction. Bar length is the median centered-log-ratio (CLR) difference between 
sample types (RF minus PW), so bars extending to the right indicate higher abundance in RF and bars to the left higher 
abundance in PW. Solid bars, genera significant after correction (expected BH-corrected p < 0.05); hatched bars, genera 
nominally significant before correction (p < 0.05), shown for completeness and not considered significant.

were observed between Boa and Vilje PW samples, ranging from 0.14 to 0.197 
(Fig. 4C). PCoA plots showed PW samples clustering together (Fig. 4A, B), indi-
cating a high degree of similarity.
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In contrast, RF samples were more widely dispersed, reflecting greater vari-
ability consistent with their higher diversity (Fig. 2B).

Sample type dominated community variation. RF and PW communities dif-
fered significantly on Bray-Curtis dissimilarities (PERMANOVA p = 0.0001), and 
this held when permutations were restricted within reservoir and in a two-way 
model, in which sample type explained more of the variation than reservoir 
identity (Suppl. material 1: table S8). The same separation appeared in pres-
ence/absence (Jaccard) data (p = 0.0001), so it reflects community member-
ship, not only abundance. RF and PW differed within four of the six reservoirs 
(Boa, Bøyla, E. Kam. and Vilje, p < 0.05); the difference was not significant in 
Volund or KNB.

RF communities were also significantly more dispersed than PW (PERMDISP 
p = 0.002), confirming that PW is more homogeneous across reservoirs. This 
was not the case for presence/absence data (p = 0.20), indicating that the 
greater homogeneity of PW is driven by a few dominant taxa rather than by 
membership.

Consistent with this, RF was more even and diverse than PW (Shannon 1.9 
versus 0.9, p < 0.001; Fig. 2B), while rarefied richness was comparable (66 ver-
sus 65), so the difference reflects evenness, with PW dominated by a few taxa 
such as Marinobacter. Only 41% of RF genera and 21% of RF ASVs were recov-
ered in the paired PW, whereas PW carried its own set of taxa absent from RF 
(67 genera and 928 ASVs). Produced water therefore both under-samples the 
reservoir community and adds a distinct set of aqueous-associated taxa.

In the gene-cluster ordination, RF samples spread along PCo1 in an arrange-
ment broadly consistent with the geographical layout of the reservoirs (Fig. 4B). 
This gradient was weak: reservoir identity did not significantly structure the 
dataset as a whole (Suppl. material 1: table S10), and the pairwise separation 
reached significance only between the two most distant reservoirs, Vilje and 
Bøyla (MRPP delta = 0.005, A = 0.3753; PERMANOVA R2 = 0.62, p = 0.03). We 
read this as a tentative geographic signal in RF rather than robust site resolution.

Functional marker-gene composition also differed between the two sample 
types. The abundance of marker genes for reservoir-relevant metabolic path-
ways differed significantly across all seven pathways tested (per-pathway 
PERMANOVA, all p < 0.05; Suppl. material 2: figs S4, S5, Suppl. material 1: ta-
ble S9). These differences reflect encoded genomic potential rather than gene 
expression, and rest on a curated marker set. Sample type dominated both 
functional and taxonomic composition (R2 = 0.67 and 0.59, both p < 0.001). 
Reservoir identity explained less and was not significant for either data type (R2 
= 0.22, p = 0.26 and R2 = 0.29, p = 0.13; Suppl. material 1: table S10). Functional 
marker genes therefore separated RF from PW but did not distinguish reser-
voirs at this sample size. This does not mean the reservoirs are alike, only that 
any differences between them were too small to detect here.

Discussion

Our results support the hypothesis that produced water is a less meaningful 
proxy for the reservoir microbiome than reservoir fluid. The paired sampling 
design shows that RF and PW communities differed strongly and consistently 
across all reservoirs. This difference was not simply a by-product of differences 
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between reservoirs: it remained significant when RF and PW were compared 
only within each reservoir, and when reservoir and sample type were consid-
ered together, sample type accounted for more of the variation between com-
munities than reservoir did. RF samples were characterized by anaerobic, halo-
philic, and thermophilic taxa, traits consistent with persistence under reservoir 
conditions and in-situ origin. By contrast, PW was dominated by marine-associ-
ated genera such as Marinobacter and Malaciobacter (Xu et al. 2008; Kim et al. 
2010). A compositional differential-abundance analysis confirmed this at the 
level of individual genera: Halanaerobium, Syntrophotalea, and Flexistipes were 
significantly over-represented in RF, and Marinobacter likewise in PW (Fig. 5B; 
Suppl. material 1: table S7). Beyond Marinobacter, no genus was over-repre-
sented in PW even before multiple-testing correction. In parallel, functional 
composition based on marker genes differed between RF and PW across all 
seven reservoir-relevant metabolic pathways tested. The reservoir-associated 
taxa are therefore concentrated in RF, set against a single dominant genus in 
PW. Produced water thus differs from reservoir fluid in a specific, predictable 
way, not as random noise.

This compositional contrast is further reflected in the lower diversity ob-
served in PW samples compared to RF. This pattern contrasts with previous 
findings by Cai et al. (2015), who reported higher diversity in PW than in RF. 
The taxa we recovered from each matrix, however, match those reported in 
single-matrix surveys of oil reservoirs and produced waters (Wentzel et al. 
2013; Vigneron et al. 2017; Wang et al. 2026). One explanation for this discrep-
ancy may lie in the ecological organization of reservoir microbiomes and in 
the volumes involved. Reservoir microorganisms are thought to reside in the 
oil-water transition zones and particle-associated biofilms (Pannekens et al. 
2019), as well as small water droplets suspended within the oil (Meckenstock 
et al. 2014; Wang et al. 2026). These compartments hold only a small volume 
of water compared to the bulk formation water that fills the reservoir. Even if 
some of this droplet- and particle-associated water reaches the aqueous phase 
during production, the produced water collected is dominated by the far more 
abundant bulk formation water, together with the aquifer- and injection-derived 
taxa that mix into it. The reservoir-adapted populations are thus diluted within 
produced water while remaining concentrated in the oil phase sampled as res-
ervoir fluid. Representing the bulk aqueous phase, produced water therefore 
captures only a subset of the reservoir’s diversity, consistent with the lower 
diversity we observed here.

Alternative explanations, such as reduced diversity arising from short-term 
post-collection storage, appear less likely. Such “bottle effects” typically pro-
mote the proliferation of multiple opportunistic taxa rather than the consistent 
dominance patterns observed here (Wang et al. 2022). Instead, the observed 
differences are more plausibly explained by intrinsic ecological and physico-
chemical factors. In particular, the miscibility of PW with other aqueous flu-
ids and the presence of suspended particles in RF may play a key role. These 
particles can act as protective niches, facilitating resistance to environmental 
stressors (Burton Jr et al. 1987; Bozorg et al. 2015), thereby supporting a more 
diverse and reservoir-representative community in RF samples. Technical fac-
tors may also contribute to the observed patterns. The higher quality of MAGs 
recovered from PW samples likely reflects reduced hydrocarbon interference 
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during DNA extraction, lower community complexity, and higher sequencing 
depth relative to RF samples. In contrast, the complexity and matrix effects as-
sociated with oil-rich samples may hinder genome recovery despite their higher 
underlying diversity.

Produced water samples only the aqueous phase of the reservoir, which mix-
es with the aquifer water drawn in to maintain pressure and so takes up micro-
organisms from outside the reservoir; the immiscible oil phase is buffered from 
this exchange. As a result, produced water recovered only a small part of the 
reservoir community. Of the genera detected in RF, only 41% were found in the 
paired PW, and at the ASV level, the overlap was just 21%. It also carried taxa 
of its own, absent from RF and derived from the surrounding waters. A survey 
based on PW alone will therefore be likely dominated by aerobic, water-asso-
ciated genera such as Marinobacter and Malaciobacter, with the reservoir’s an-
aerobic thermophiles and halophiles present only as a small fraction.

The clustering patterns observed across samples provide additional ecologi-
cal context to this contrast. PW samples resembled one another closely, which 
fits the aquifer-driven production regimes and fluid mixing shared by these fields. 
RF samples were more spread out, in keeping with their higher diversity and with 
the geological isolation of individual reservoirs, which is known to drive distinct 
communities in spatially separated petroleum systems (Gao et al. 2016).

One further point is worth noting. The oil fields connected to the Alvheim 
FPSO have produced for many years, yet RF still yielded the thermophilic, halo-
philic, and anaerobic taxa typical of the reservoir. That these organisms remain 
detectable after long production, and in some fields after produced-water re-in-
jection, shows that RF retains a recognizable signature of the putative reser-
voir community.

Earlier work compared the oil, suspended particulate matter, and water 
fractions of reservoir fluid within a single reservoir and found them to differ 
(Kobayashi et al. 2012). What had not been previously tested is whether pro-
duced water is a reliable proxy for the reservoir microbiome by comparing it 
directly with paired reservoir fluid from the same wells across multiple fields, 
using both amplicon and metagenomic data. This lets us go beyond showing 
that the two can differ; it also has allowed us to quantify how much they differ, 
in which direction, and how consistently. It also shifts produced water from an 
assumed proxy for the reservoir to one whose validity is directly tested. Some 
limitations remain. Sampling captured a single time point; no external water 
sources (seawater, aquifer, or injection water) were sequenced as references 
for possible contamination, and one reservoir (KNB) yielded too little DNA for 
metagenomic sequencing of its RF. Reservoir microbiomes also change over 
the production lifecycle (Vigneron et al. 2017; Alibrandi et al. 2026), so the com-
positions reported here are snapshots. The comparison between RF and PW, 
however, is internally controlled, since the two were taken from the same well 
streams, and is therefore robust to this kind of temporal variation.

Conclusion

Reservoir fluids and produced water harbor distinct microbial communities, 
differing in taxonomy, diversity, and adaptation. These differences indicate 
that produced water is more susceptible than reservoir fluid to overprinting by 
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microorganisms that are external to the reservoir or preferentially associated 
with the aqueous phase. Produced water can still serve as a proxy for microbial 
community composition and functional potential in oil reservoirs, but our data 
show that such inferences should be drawn with caution, since produced water 
under-represents part of the reservoir community and carries taxa that do not 
originate in it.

The practical implication is direct. Where the goal is to characterize or mon-
itor the native reservoir community, for example to manage souring or corro-
sion, reservoir fluids should be sampled wherever safety and logistics permit. 
Where only produced water is available, its biases should be stated plainly; it 
will miss much of the anaerobic, reservoir-native community and give dispro-
portionate weight to aqueous organisms associated with injected fluids (e. g., 
seawater, separated fluids) and aquifers.
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