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Oil spills are common occurrences in the United States and can result in extensive ecological damage. The 2010 Deepwater Horizon oil spill in the Gulf of Mexico was the largest accidental spill recorded. Many studies were performed in deep water habitats to understand the microbial response to the released crude oil. However, much less is known about how planktonic coastal communities respond to oil spills and whether that response might vary over the course of the year. Understanding this temporal variability would lend additional insight into how coastal Florida habitats may have responded to the Deepwater Horizon oil spill. To assess this, the temporal response of planktonic coastal microbial communities to acute crude oil exposure was examined from September 2015 to September 2016 using seawater samples collected from Pensacola Beach, Florida, at 2-week intervals. A standard oil exposure protocol was performed using water accommodated fractions made from MC252 surrogate oil under photo-oxidizing conditions. Dose response curves for bacterial production and primary production were constructed from 3H-leucine incorporation and 14C-bicarbonate fixation, respectively. To assess drivers of temporal patterns in inhibition, a suite of biological and environmental parameters was measured including bacterial counts, chlorophyll a, temperature, salinity, and nutrients. Additionally, 16S rRNA sequencing was performed on unamended seawater to determine if temporal variation in the in situ bacterial community contributed to differences in inhibition. We observed that there is temporal variation in the inhibition of primary and bacterial production due to acute crude oil exposure. We also identified significant relationships of inhibition with environmental and biological parameters that quantitatively demonstrated that exposure to water-soluble crude oil constituents was most detrimental to planktonic microbial communities when temperature was high, when there were low inputs of total Kjeldahl nitrogen, and when there was low bacterial diversity or low phytoplankton biomass.
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1. Introduction

Oil spills are common occurrences in waterways of the United States. From 2000 to 2019, an average of 3,871 spills occurred each year resulting in an average of 1,233,863 gallons of oil released per year (Ramseur and Resources, Science, and Industry Division, 2017). Depending on the location and severity of the spill, extensive economic and ecological destruction may result. The 2010 Deepwater Horizon (DWH) oil spill in the Gulf of Mexico is the largest accidental oil spill recorded. The DWH oil platform suffered a catastrophic blowout on 20 April 2010 that began releasing crude oil at a subsurface depth of 1,500 m until the well was capped 84 days later on 15 July 2010 (McNutt et al., 2012). The DWH spill released 4.9 million barrels of crude oil ∼80 km offshore (McNutt et al., 2012). An estimated 60% of the subsurface oil reached the sea surface where hydrodynamic forces then affected its distribution (Ziervogel et al., 2012). A portion of the DWH oil (<15%) reached the shoreline (Beyer et al., 2016) where it contaminated 1,773 km of shoreline with 847 km of shoreline oiling persisting after 1 year (Michel et al., 2013).

Coastal habitats are environmentally and economically critical for the region (Mendelssohn et al., 2012; Wiesenburg et al., 2021), yet the impact of the DWH spill on planktonic microbial communities in coastal waters was not studied nearly as extensively as coastal sediments (Kostka et al., 2011; Bik et al., 2012; King et al., 2015; Huettel et al., 2018) and offshore environments (Joye et al., 2014). It has been hypothesized that natural oil seeps in the Gulf of Mexico “pre-primed” microbial communities for oil degradation (Atlas and Hazen, 2011; Hazen et al., 2016; Liu et al., 2017), but the toxic effects of these seeps are spatially limited as opposed to a massive spill. Exposure to crude oil released by DWH reduced microbial diversity and altered community structure from the surface ocean to the seafloor in offshore environments (Hazen et al., 2010; Valentine et al., 2010; Kessler et al., 2011). However, the impact of DWH oil on planktonic coastal microbial communities may be more complex due to the variable extent of weathering that the crude oil underwent before reaching coastal environments. As crude oil was transported, its physical and chemical properties changed due to evaporation, emulsification, dissolution, photo-oxidation, and microbial degradation (Mendelssohn et al., 2012; Farrington et al., 2021). Dissolution of crude oil releases highly toxic compounds such as low-molecular-weight aliphatic compounds, aromatic hydrocarbons, and PAHs into the surrounding seawater (Abbriano et al., 2011). This solution of water-soluble petroleum compounds is termed the water accommodated fraction (WAF). Compounds in the WAF have variable effects on phytoplankton growth with low PAH concentrations (1 mg L–1) observed to stimulate growth while high PAH concentrations (100 mg L–1) inhibited growth (Harrison et al., 1986). Additionally, photo-oxidation of crude oil degrades large, aromatic hydrocarbons, and produces water-soluble oxidized species which facilitate biodegradation but may also increase the toxicity of the surrounding seawater (King et al., 2015; Beyer et al., 2016). Thus, weathered crude oil is a dynamic substance which may have variable impacts on planktonic coastal microbes.

Weathering of crude oil is also influenced by nutrient availability and by physicochemical parameters, such as temperature, indicating that the location (e.g., eutrophic versus oligotrophic waters) and the timing (e.g., winter versus summer) of an oil spill plays a large role on its impact. Nutrient availability, specifically N and P, controls the rate of hydrocarbon degradation in the environment (Atlas and Bartha, 1972; Head et al., 2006). Because WAFs have high C content, their mineralization results in little regenerated nitrogen or phosphorus which hinders further microbial production (Mendelssohn et al., 2012). This effect may be more severe in environments with low inorganic nutrient concentrations, such as oligotrophic waters. Additionally, high temperature has consistently been shown to influence crude oil physicochemical properties by reducing viscosity which increases bioavailability and degradation rates (Wright et al., 1997; Coulon et al., 2007; King et al., 2015). Higher temperatures (24°C) increased the bioavailability of water-soluble components and increased the degradation of total petroleum hydrocarbons compared to lower temperatures (4°C) (Coulon et al., 2007). Following the DWH spill, temperature was suggested to be a significant determinant in structuring microbial communities and in selecting for oil degraders within deep waters, surface waters, and oil mousses (Redmond and Valentine, 2012; Liu and Liu, 2013). However, crude oil is highly toxic to many members within these microbial communities (Parsons et al., 2015; Doyle et al., 2018; Kamalanathan et al., 2021). In microcosm and mesocosm experiments, exposure to crude oil drastically changed the community structure (Doyle et al., 2018) and reduced the relative abundance of bacteria that were initially abundant (Doyle et al., 2018; Kamalanathan et al., 2021). Additionally, in an incubation experiment, Cyanobacteria initially dominated the in situ surface community (60.4% relative abundance). After incubation with crude oil, there was a large reduction in Cyanobacteria abundance (10–30% relative abundance) at low temperature (4°C), and under high temperature (24°C) Cyanobacteria were almost eliminated (Liu et al., 2017). Therefore, under low nutrient availability and high temperature conditions, an oil spill may reduce microbial growth. It remains unknown how weathered crude oil components (i.e., WAF), temperature, and nutrients interact across seasons and how those interactions affect microbial growth.

Here, we ask the following questions: (1) Is there a temporal response of planktonic coastal microbes to WAF? and; (2) What are the environmental drivers of this temporal response? We hypothesized that there is a temporal response that is primarily driven by variations in temperature and inorganic nutrient availability. Thus, we expected highest inhibition of primary production and bacterial production under high temperatures and low inorganic nutrient concentrations. To test these hypotheses, we developed a standard WAF exposure assay and measured inhibition of primary and bacterial production in bi-weekly seawater samples collected over a year from coastal Northwest Florida waters. Understanding temporal variability in the microbial response to crude oil contamination will provide additional insight into the ecological response to DWH within Florida waters.



2. Materials and methods


2.1. Sample overview

Surface seawater samples were collected bi-weekly for 1 year (09/2015 to 09/2016; n = 26) from the end of the Pensacola Beach pier (30° 19.640′ N, 87° 08.514′W) which extends approximately 0.3 km into the Northwestern Gulf of Mexico. Samples were transported at in situ temperatures in the dark to the laboratory. Samples were classified into seasons based on the astronomical calendar as follows: fall was defined as September 23rd – December 20th, winter was defined as December 21st – March 18th, spring was defined as March 19th – June 19th, and summer was defined as June 20th – September 21st.



2.2. Analytics and laboratory techniques

In situ seawater temperature, salinity, NO3– + NO2– concentrations, NH3 concentrations, total Kjeldahl nitrogen (TKN) concentrations, orthophosphate concentrations, and total phosphorus (TP) concentrations were measured for each water sample (Table 1). NO3– + NO2– and orthophosphate concentrations were measured on a Lachat QuickChem 8500 using EPA standard method 353.2 (1993) for NO3– + NO2– concentrations and 365.1 (Kopp, 1979) for orthophosphate concentrations. NH3, TKN, and TP concentrations were measured using EPA standard method 350.1 (1993), EPA standard method 351.2 (1993), and EPA standard method 365.4 (1974), respectively.


TABLE 1    Environmental parameters for each sample.
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Samples for bacterial counts were preserved with 0.2 μm filtered, buffered formalin. Preserved samples were stained with 4′,6-diamidino-2-phenylindole, dihydrochloride (DAPI) using the method of Porter and Feig (1980) and counted using an epifluorescence microscope. Samples for chlorophyll a concentrations were filtered (200 mL) onto 25 mm GF/F filters in triplicate, extracted in 90% acetone overnight, and measured fluorometrically (Turner Trilogy Laboratory Fluorometer) using a standard curve (Welschmeyer, 1994).

Aged Gulf of Mexico seawater (collected ∼40 km offshore Pensacola, FL and >3 years old) was filtered using a 0.2 μm pore-size polycarbonate filter (Millipore). Twenty-five milliliter of filtered seawater was aliquoted into 35 mL Teflon bottles (Nalgene FEP). Bottles containing filtered seawater were pasteurized at 70°C for 2–4 h. Once cooled, pasteurized seawater was amended with surrogate crude oil (Pelz et al., 2011) to contain a final volume of 2% crude oil. Bottles were incubated in a 20°C temperature-controlled water table (Fisherbrand, Isotemp 4100) under full solar exposure for 5 days during the summer on the roof of the Environmental Sciences building at the University of West Florida (Vaughan et al., 2016). Bottles were shaken twice per day and returned to the water table. Samples were pooled into a separatory funnel, and the aqueous fraction (i.e., the WAF) was collected and transferred to 20 mL scintillation vials in 10 mL aliquots and stored frozen at −20°C. Here, we make the assumption that because we used filtered, pasteurized aged seawater, any organic carbons in the seawater were dissolved hydrocarbons. Therefore, total organic carbon (TOC) was used as a proxy for hydrocarbon concentrations. TOC concentrations of the WAF were determined as non-purgeable organic carbon with a Shimadzu TPC-VVSN Analyzer using standard method 5310 (2018). WAFs contained an average TOC concentration of 68.9 ppm (SD = 1.1, n = 4). Fractions were thawed prior to each sensitivity assay. In this way, each bi-weekly water sample was exposed to the same WAF for the duration of the project.

Bacterial production was estimated through incorporation of 3H-leucine. The standard WAF exposure consisted of a dose response curve of 0, 0.5, 1, 2.5, 5, and 10% v/v WAF (final concentration amended to the seawater sample) for each time point. WAF was aliquoted into 4 replicate 5 mL polystyrene snap-cap tubes for each treatment. Four replicate controls received 100 μL of filtered seawater (0.2 μm pore size syringe filter). Seawater was amended with 3H-leucine (52.9 Ci mmol–1 PerkinElmer, Bridgeport, CT, USA) to a final concentration of 10 nM; 3.1 mL of labeled seawater was added to each tube. Samples were capped, mixed, and incubated in the dark at in situ temperature for 4 h. To terminate leucine incorporation, triplicate 1.0 mL subsamples were removed from each snap cap tube and placed into 2 mL microfuge tubes containing 50 μL of 100% trichloroacetic acid. Samples were processed following the procedure of Smith and Azam (1992). Liquid scintillation counting using a Packard Tri-Carb 2900 was performed to determine 3H-leucine incorporation in samples.

Primary production was determined through the fixation of 14C-bicarbonate under increasing light exposures (PI curves) (Matrai et al., 1995) using a modified photosynthetron. Triplicate dose response curves of 0, 0.5, 1, 2.5, 5, and 10% WAF treatment were generated for each time point. WAF and 33 mL of seawater were aliquoted into 50 mL conical centrifuge tubes for each treatment which were then amended with 14C-bicarbonate (2 μCi/mL). Triplicate controls received 1 mL of filtered seawater (0.2 μm pore size syringe filter) and 33 mL of seawater that were then amended with 14C-bicarbonate. Each treatment was aliquoted into eight, 4 mL snap cap tubes that were incubated at in situ temperature for 4 h in a photosynthesis irradiance incubator. The photosynthetically active radiation of each position was measured with a quantum scalar laboratory radiometer (Biospherical Instruments Inc.) and recorded. Irradiances for the eight positions were ∼180, 90, 50, 30, 20, 15, 10, and 7 μE cm–2 for each treatment and time point. Lower irradiances were used to maximize the number of points within the linear part of the curve for calculating inhibition of primary production (see below). Fixed 14C was determined after overnight acidification of the samples via liquid scintillation counting using a Packard Tri-Carb 2900. Photosynthetic efficiency was determined as described by Matrai et al. (1995).

Bacterial production inhibition and primary production inhibition were determined using dose response curves (0, 0.5, 1, 2.5, 5, and 10% WAF). For bacterial production inhibition, the average disintegrations per minute (DPM) of each treatment replicate were expressed as a percent of the average DPM of the control (0% WAF). The percent control was log-transformed, and a linear regression of the log-transformed percent of the control versus percent WAF concentration was performed in Excel. The positive slope of the regression for each experiment was then used as a quantitative value for degree of inhibition and is referred to as ‘‘bacterial production inhibition’’ throughout. For primary production inhibition, PI curves were constructed for each control and each treatment replicate. Linear regressions were performed on the linear part of the curve in Kaleidagraph. The slope of each treatment replicate was expressed as a percent of the average slope of the control. The percent control was log-transformed, and a linear regression of the log-transformed percent of the control versus percent WAF concentration was performed in Excel. The positive slope of the regression for each experiment was then used as a quantitative value for degree of inhibition and is referred to as ‘‘primary production inhibition’’ throughout. The standard error of the regression slopes was obtained from Kaleidagraph and was used to assess the uncertainty in bacterial production inhibition and primary production inhibition. Raw data and example calculations are available on GitHub.1



2.3. DNA extraction and 16S rRNA amplicon sequencing

To determine how temporal variation in the background bacterial community contributed to temporal changes in the inhibition of bacterial production, samples for DNA extraction were collected bi-weekly. Samples were collected by filtering 2 L of seawater through three 0.22 μm GPWP (MilliporeSigma) filters. Samples were stored at −80°C until further processing. Half of each previously frozen filter and 250 μL of extraction buffer (Milli-Q water, 5 mM EDTA, 25 mM Tris, and 50 mM glucose) were added to tubes containing a mixture of 0.1 mm silica and 0.5 mm glass beads. Filters were ground using a sterile plastic pestle and were homogenized for two 1-min cycles at 2,000 rpm. Samples were cooled to −80°C, heated to 80°C for 10 min, cooled to −80°C again, and then brought to room temperature. Lysozyme (final concentration = 1.5 mg mL–1) was added to each sample, and samples were incubated for 90 min at 37°C. Proteinase K (final concentration = 3 mg mL–1) was added to each sample, and samples were incubated for 90 min at 50°C. Sodium chloride (final concentration = 0.5 M) and M1 buffer from the Omega E.Z.N.A. Mollusc DNA Kit were added to each sample. The Omega E.Z.N.A. Mollusc DNA Kit was used to wash and collect purified DNA. Extracted DNA was quantified using a NanoDrop spectrophotometer and were stored at −20°C. DNA extracts were sent to the University of Illinois at Chicago’s Sequencing Core for amplification and sequencing. The V4–V5 region of the 16S rRNA gene was amplified using the 515F/926R universal primers (Needham and Fuhrman, 2016). Amplicons were pair-end sequenced (2 ×300) with the MiSeq Illumina platform. Sequence files are available at the NCBI Sequence Read Archive under BioProject ID: PRJNA894536. Accession numbers for each sample are reported in Supplementary Table 1.



2.4. Data analysis and statistics

Forward and reverse primers were removed using cutadapt (Martin, 2011) in QIIME2 (Bolyen et al., 2019). Forward and reverse reads were quality filtered with fastq-mcf (Aronesty, 2013). A window-size of 10 was used to calculate mean quality score. Reads were truncated when the mean quality score was less than 20. After trimming, reads that were shorter than the minimum length threshold of 150 bp were removed. Reads that contained N-calls were also removed. Forward and reverse reads were merged based on a minimum overlap threshold of 10 bp, minimum merge length threshold of 350 bp, and number of maximum differences of 5 bp allowed in the overlapping region using usearch (Edgar, 2010). Final trimming, quality filtering, clustering of amplicons, and removal of chimeras was performed using DADA2 (Callahan et al., 2016) in QIIME2. The merged reads were trimmed to a length threshold of 365 bp to maintain alignment. Reads that matched to the PhiX genome or that contained more than 3 expected errors were removed. The error model was trained using a minimum of 800,000 reads. Samples were then dereplicated, reads were clustered into amplicon sequence variants (ASVs), and chimeric ASVs were removed using a consensus procedure. QIIME2 artifacts generated from this bioinformatics workflow are available on GitHub2 and the contents of each artifact are described in Supplementary Table 2.

Taxonomic, diversity, and statistical analyses were performed in R (version 3.5.1) (R Core Team, 2018). All R code is available on GitHub.3 All colors used in figures were checked for accessibility using Adobe Color’s “Color Blind Safe” Accessibility Tool. Taxonomy was assigned (“assignTaxonomy” function; dada2 package; Callahan et al., 2016) using RDP’s Naïve Bayesian classifier (Wang et al., 2007) and the SILVA 138 reference database (Quast et al., 2012). ASVs matching to eukaryotes, archaea, or that were unassigned at the bacterial Kingdom or Phylum level were removed from subsequent taxonomy and diversity analyses. Temporal trends in the 25 most abundant genera were examined across the time series. Counts of all genera in each sample are available in Supplementary Table 3.

For alpha-diversity analyses, sequencing depth was normalized by rarefying each sample to 16000 sequences (“rrarefy” function; vegan package; Oksanen et al., 2022). Alpha-diversity was calculated using the Shannon index (“diversity” function; vegan package) which is a composite metric of richness and evenness. Therefore, alpha-diversity was also calculated as richness (i.e., the number of ASVs in each sample; “richness” function; microbiome package) and evenness using Pielou’s index. Pielou’s index was calculated as H/log(S) where H is the Shannon index and S is richness. A one-way analysis of variance (ANOVA) was performed to determine if the three metrics of alpha-diversity varied by season. Prior to performing ANOVAs, assumptions of normality and homogeneity were checked using the Shapiro–Wilk test and Levene’s test, respectively. Tukey’s HSD was then performed to identify differences in alpha-diversity between seasons. To visualize similarities and differences in ASV composition by season, a Euler diagram was constructed using the rarefied ASV count table (“ps_euler” function; MicEco package; Russel, 2021). Additionally, the nestedness and turnover of ASVs between seasons were calculated (“beta.temp” function; betapart package; Baselga et al., 2022) to better understand ecological succession throughout the year. Lastly, correlation analysis of the three metrics of alpha-diversity with temperature and TKN were performed (“cor.test” function, method = “pearson”).

For beta-diversity analyses, sequences were normalized using the variance stabilizing transformation (“varianceStabilizingTransformation” function; DESeq2 package; Love et al., 2014). Principal component analysis (PCA) was conducted on the normalized ASV table to visualize differences in microbial community structure by season (“ordinate” function; phyloseq package; McMurdie and Holmes, 2013). PC1 was extracted and correlation tests of temperature and TKN with PC1 were conducted (“cor.test” function; method = “pearson”). A PCA was also conducted on the environmental variables (“rda” function; vegan package), loadings were extracted, and the environmental loadings were overlaid as vectors onto the community ordination plot to create a biplot. Permutational ANOVA was performed to determine if community structure varied by season (“adonis” function; vegan package). Prior to performing the permutational ANOVA, the assumption of homogeneity of dispersion among groups was checked (“betadisper” function; vegan package). To identify which seasons significantly differed in their community structures, pairwise permutation multivariate ANOVA was performed (“pairwise.perm.manova” function; RVAideMemoire package; Hervé, 2020). To prevent inflation of Type I error rate due to multiple comparisons, the Hochberg method was applied to calculate adjusted p-values.

To determine if changes in the inhibition of primary and bacterial production varied by season, ANOVAs were performed, as described above. Simple linear regressions were performed to identify significant linear relationships between inhibition and biological/environmental variables. A mantel test was performed to determine if variation in the inhibition of bacterial production was correlated with changes in microbial community structure (“mantel” function; vegan package). The mantel test was performed using 10,000 permutations on two normalized dissimilarity matrices: (1) a Euclidean distance matrix of inhibition of bacterial production and (2) a Bray–Curtis distance matrix constructed from the rarefied ASV count table (“vegdist” function; vegan package).




3. Results


3.1. Environmental conditions

Surface coastal waters exhibited a strong temporal temperature trend but lacked temporal variability in salinity and nutrient concentrations (Figure 1 and Table 1). Sea surface temperatures during the summer were significantly higher than all other seasons (p < 0.05) with a maximum value of 28.2°C, while temperatures during the winter were significantly colder than all other seasons (p < 0.01) with a minimum value of 13.6°C (Figure 1A). Salinity ranged from 27 to 37 with no significant differences between seasons but with higher variability observed at the end of spring and during summer due to increased rainfall (Figure 1B). NH3 and TP concentrations were below the minimum detection limits (MDL). NO3– + NO2–, TKN, and orthophosphate concentrations were above the MDL but exhibited minimal variation and had no temporal trends (p > 0.05) (Figures 1C-E).
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FIGURE 1
Environmental conditions of coastal Pensacola Beach waters from 09/2015 to 09/2016. (A) Temperature (°C). (B) Salinity. (C) NO3– + NO2– (μg N/L). (D) Total Kjeldahl nitrogen (mg N/L). (E) Orthophosphate (μg P/L).




3.2. Bacterial diversity, community structure, and composition

Patterns in bacterial diversity, community structure, and taxonomic composition were examined by sequencing the V4–V5 region of the 16S rRNA gene. Alpha-diversity was calculated using three different metrics: the Shannon index, ASV richness, and Pielou’s evenness index (Supplementary Table 1). The Shannon index and ASV richness did not exhibit any temporal trends (Supplementary Figures 1A, B), but evenness did significantly vary between winter and summer with winter having higher evenness than summer (p < 0.05) (Figure 2A and Supplementary Figure 1C). While alpha-diversity varied minimally across seasons, there were significant differences in community structure by season. Although PCA indicates that there is some overlap in community structure (Figure 2B), PERMANOVA confirmed that they are statistically distinct from each other according to season (p < 0.05). Partitioning beta-diversity into turnover and nestedness components revealed that the differences in community structure are largely due to turnover, with the turnover component accounting for 84–93% of the dissimilarity between seasons. This analysis is supported by a Euler diagram which shows that there are larger proportions of ASVs unique to each season compared to the proportion of ASVs shared between subsequent seasons (Figure 2C). There are also noticeable transitions between seasons in community composition. Candidatus Actinomarina, SAR11 clade Ia, HIMB11, NS2b marine group, NS4 marine group, NS5 marine group, OM60 (NOR5) clade, and Synechococcus dominated the bacterial community throughout the year (>1% average relative abundance) (Figure 3A), but their relative abundances shifted across seasons (Figure 3B). Within each season, particular genera became dominant (>1% average relative abundance). During the spring, Blastopirellula, Candidatus Aquiluna, and Cyanobium were dominant genera, while during the summer, Balneola and Cyanobium were dominant. The largest shifts in dominant genera occurred during the fall and winter with Cyanobium, Formosa, MB11C04 marine group, and SAR11 clade Ib becoming dominant in the fall, and Ascidiaceihabitans, Blastopirellula, Formosa, and the OM43 clade being dominant in the winter. Thus, we observed that these bacterial communities have distinct structures and compositional shifts according to season.
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FIGURE 2
Bacterial alpha-diversity and community structure. (A) Alpha-diversity calculated from the rarefied ASV count table using Pielou’s evenness index. (B) PCA constructed from the variance stabilizing transformed ASV count table. Ellipses represent the 95% confidence interval. (C) Euler diagram constructed from the rarefied ASV count table.
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FIGURE 3
Shifts in the most abundant bacterial genera. Taxonomy was assigned using RDP’s Naïve Bayesian classifier and the SILVA138 reference database. (A) Changes in the top 25 most abundant genera by date. (B) Changes in the dominant genera (>1% average relative abundance) between seasons.




3.3. Inhibition of primary and bacterial production

To determine the temporal effect that exposure to water-soluble crude oil components had on the inhibition of primary and bacterial production, triplicate dose response curves (0, 0.5, 1, 2.5, 5, and 10% WAFs) were generated bi-weekly for 1 year. Exposure to WAFs led to inhibition of primary production across all seasons (Figure 4A). Inhibition of primary production was significantly lower during the winter compared to the spring and summer (p < 0.05) (Figure 4A). Inhibition of primary production exhibited strong negative relationships with chlorophyll a concentrations (p < 0.0001; Adj. R2 = 0.765) (Figure 4B). Additionally, inhibition of primary production had a positive relationship with temperature (p = 0.0002; Adj. R2 = 0.444) (Figure 4C) but no relationship with NO3– + NO2– concentrations (p = 0.08) or with orthophosphate concentrations (p = 0.51). However, inhibition of primary production had a negative relationship with TKN (p = 0.002; Adj. R2 = 0.332) (Figure 4D). These results indicate that water soluble crude oil constituents have the strongest inhibitory effect on primary production when surface coastal waters are warm, when TKN concentrations are low, or when phytoplankton abundance is low.
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FIGURE 4
Inhibition of primary production across seasons and environmental drivers. (A) Inhibition of primary production was determined through the fixation of 14C-bicarbonate along triplicate dose response curves of 0, 0.5, 1, 2.5, 5, and 10% WAF treatment. Linear regressions of the inhibition of primary production with (B) chlorophyll a concentrations (μg/L), (C) with temperature (°C), and (D) with total Kjeldahl nitrogen (mg N/L).


Exposure to WAFs also led to inhibition of bacterial production across all seasons. Inhibition of bacterial production was significantly lower during winter compared to all other seasons (p < 0.05) (Figure 5A). There was no relationship of the inhibition of bacterial production with absolute bacterial abundance (p = 0.34), but there were weak, negative relationships of bacterial production inhibition with bacterial alpha-diversity (Shannon index: p = 0.028, Adj. R2 = 0.152; Pielou’s evenness index: p = 0.012, Adj. R2 = 0.205) (Figure 5B). Additionally, there was a weak, positive correlation of bacterial production inhibition with bacterial community structure (p = 0.002; mantel r = 0.28), indicating that the severity of inhibition is partially dependent on the background bacterial community. Although inhibition of bacterial production had no relationship with inorganic nutrient concentrations (NO3– + NO2– and orthophosphate) (p > 0.10), it did have a weak, negative relationship with TKN (p = 0.032; Adj. R2 = 0.143) (Figure 5D) as well as a strong, positive relationship with temperature (p < 0.0001; Adj. R2 = 0.64) (Figure 5C). These results are similar to what was seen for inhibition of primary production and indicate that water soluble crude oil constituents are most inhibitory to bacterial production when temperatures are high, when TKN concentrations are low, or when alpha-diversity is low.
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FIGURE 5
Inhibition of bacterial production across seasons and environmental drivers. (A) Inhibition of bacterial production was determined through the incorporation of 3H-leucine along triplicate dose response curves of 0, 0.5, 1, 2.5, 5, and 10% WAF treatment. Linear regression of the inhibition of bacterial production (B) with alpha-diversity, (C) with temperature (°C), and (D) with total Kjeldahl nitrogen (mg N/L).


Additionally, there were strong relationships between environmental conditions and the bacterial community which corresponded to the degree of bacterial production inhibition. Temperature had a strong positive correlation with PC1 (p < 0.0001, r = 0.756) (Figure 2B), a moderate negative correlation with the Shannon index (p = 0.028, r = −0.431), and a moderate negative correlation with Pielou’s evenness index (p = 0.01, r = −0.498), while TKN had a moderate negative correlation with PC1 (p = 0.025, r = −0.438), a moderate positive correlation with the Shannon index (p = 0.048, r = 0.392), and a moderate positive correlation with ASV richness (p = 0.035, r = 0.415). Also, winter, which was the season with the coldest temperatures, had more unique ASVs compared to warmer seasons (Figure 2C). This demonstrates that changes in temperature strongly corresponded with changes in bacterial community structure and with variability in alpha-diversity through changes in evenness, while TKN had a weaker correspondence with bacterial community structure and with variability in alpha-diversity through changes in richness. Combined, the data showed that lower temperatures corresponded to a bacterial community with more unique ASVs, higher evenness, and less inhibition of bacterial production, while higher concentrations of TKN corresponded to a bacterial community with higher richness and lower inhibition of bacterial production.

These results partially supported our hypothesis that there is a temporal response in inhibition due to acute exposure to water-soluble components of crude oil and that this response would be primarily driven by high temperature and low inorganic nutrient availability. We observed that exposure led to inhibition of primary and bacterial production across all seasons. The impact of exposure was found to be highest during warm months. Interestingly, we did not observe any effects of inorganic nutrient concentrations (NO3– + NO2– and orthophosphate), likely because there was low variability throughout the year. Surprisingly, there was a negative relationship between inhibition and TKN concentrations for both primary and bacterial production. This relationship may suggest links between human inputs of nitrogen, microbial community response, and the inhibition of production due to water soluble crude oil constituents. TKN primarily comes from human inputs and is a composite measurement of organic nitrogen, ammonia, and ammonium. When TKN concentrations increase in coastal waters, some heterotrophs and phytoplankton can use these compounds for their growth. Thus, increases in TKN may alter the community and buffer the impacts of water-soluble crude oil components. This is further supported by the relationships we observed between TKN, microbial community structure, and microbial community diversity. Additionally, we observed that changes in temperature strongly corresponded with changes in the bacterial community which then corresponded to the severity of bacterial production inhibition. For example, we observed that the impact of exposure to WAF was partially dependent on the background phytoplankton and bacterial communities as seen through the positive relationship of primary production inhibition with chlorophyll a concentrations (i.e., phytoplankton abundance), the negative relationship of bacterial production inhibition with alpha-diversity, and the positive relationship of bacterial production inhibition with bacterial community structure. Therefore, it appears that there are tight linkages between environmental factors, the microbial community, and the response to WAF. Combined, these results suggest that changes in environmental factors, such as temperature and TKN, corresponded with changes in the microbial community, which thus resulted in varying degrees of production inhibition when exposed to WAF.




4. Discussion

In this study, we exposed in situ planktonic coastal microbial communities to water-soluble components of crude oil and assessed the temporal response in the inhibition of primary and bacterial production. Temporal variability in inhibition was observed across seasons with temperature having a strong influence on inhibition. Temperature has been hypothesized to be a significant factor in structuring microbial responses to the DWH oil spill (Redmond and Valentine, 2012; Liu and Liu, 2013). Additionally, it has been demonstrated that oil biodegrades more rapidly at higher temperatures (Venosa and Holder, 2007) and that higher temperatures increase oil toxicity to sensitive microbes (Liu et al., 2017). This suggests that the interaction between temperature and oil exposure should most severely impact microbes at high temperatures. Our results quantitatively demonstrate that exposure to the water-soluble components of MC252 surrogate crude oil most severely inhibited production during the warmest months of the year.

We hypothesized that inorganic nutrient concentrations would be a key environmental driver of inhibition under crude oil exposure, but this relationship was not observed. The impact of inorganic nutrient concentrations on microbial communities in oiled environments is variable. Many studies have observed that the addition of inorganic nutrients to oiled polar and subtropical environments increases microbial hydrocarbon degradation rates (Head et al., 2006; Atlas and Hazen, 2011; Sun and Kostka, 2019) as well as increases heterotrophic abundance and biomass (Edwards et al., 2011). However, this response is not observed in nutrient-rich systems. In a Louisiana marsh, nutrient additions had little effect on crude oil biodegradation due to high background pore water ammonium concentrations (Tate et al., 2012), and in temperate estuarine waters, nutrient additions to oiled seawater did not alter microbial community structure as observed in oligotrophic environments (Coulon et al., 2007). In our study, we used in situ coastal Gulf of Mexico waters with no nutrient additions. NO3– + NO2– and orthophosphate concentrations varied minimally throughout the year with a maximum difference of 17.67 μg N/L NO3– + NO2– and 6.65 μg P/L orthophosphate. Therefore, because nutrient concentrations exhibited small fluctuations, they were not a main factor influencing production. Thus, fluctuations in nutrient concentrations may not have a strong influence on microbes in oiled environments that experience small temporal fluctuations in nutrient concentrations or in oiled environments that are nutrient-rich year-round.

In this study, the background bacterial community structure played a role in the severity of inhibition due to oil exposure. A general pattern in bacterial succession is expected after marine oil spills. Accordingly, clear patterns of bacterial succession within the deep-sea hydrocarbon plume of DWH were observed (Dubinsky et al., 2013) which began with a community dominated by Oceanospirillales (Hazen et al., 2010; Redmond and Valentine, 2012) to a community dominated by Colwellia and Cycloclasticus (Valentine et al., 2010; Redmond and Valentine, 2012) and then to a community dominated by methylotrophic bacteria (Kessler et al., 2011). However, less is known about succession in surface water microbial communities and how responses to crude oil contamination varies based on the background microbial community. Our finding that the background bacterial community structure correlated with the severity of inhibition aligns with results from microcosms and incubation experiments. In a microcosm study, microcosms were seeded with surface water from polar, subtropical, and tropical sites (Sun and Kostka, 2019). The source waters each had a distinct initial microbial structure which resulted in different hydrocarbon-degrading microbial communities developing and ultimately resulted in different hydrocarbon degradation rates by site. Additionally, in an incubation experiment using surface waters from the Gulf of Mexico, initial community structure was a key driver in the development of bacterial communities following oil exposure (Liu et al., 2017). Therefore, the background bacterial community may be an important factor in the microbial response to marine oil spills.

Temperature can interact with WAF and the microbial community in a variety of ways that may have influenced production inhibition. Specifically, there are three ways in which temperature could have impacted production inhibition. The first way is that temperature can have a direct effect on WAF composition (Faksness et al., 2008; Bilbao et al., 2022), which could cause variability in production inhibition. However, since the same WAF was used throughout the experiment, we can eliminate this as a possibility. The second way is that temperature can have a direct effect on microbial physiology (Brown et al., 2004). However, to observe these effects, large differences in temperature are typically needed. For example, bacterial growth of planktonic communities from a eutrophic lake was measured at 2, 4, 8, 16, 20, and 30°C (Felip et al., 1996). Bacterial growth was significantly lower at the lowest temperatures of 2, 4, and 8°C compared to higher temperatures of 16, 20, and 30°C, but bacterial growth did not significantly vary within the higher temperature treatments. Additionally, measurements of bacterial production from a 2-year time-series in a temperate estuary showed that bacterial production at temperatures ranging from 10 to 30°C exhibited an upward trend until 25°C but were not statistically distinct (Apple et al., 2006). Our bi-weekly production inhibition experiments were conducted at in situ temperatures, which varied from 13.6 to 28.2°C, and we observed that there was no relationship of bacterial production inhibition with absolute bacterial abundance even though abundance varied throughout the year. The third way is that temperature may exert a strong influence on microbial diversity, resulting in variability in the community level response to WAF exposure. Planktonic microbial communities are influenced by temporal variability in environmental conditions. For example, a 5-year time-series in Ofunato Bay, Japan, found that changes in bacterial communities corresponded with changes in temperature, salinity, and dissolved oxygen (Kobiyama et al., 2021). Additionally, a 2-year time-series in the North Pacific Subtropical Gyre found that changes in alpha-diversity correlated most strongly with average wind speed (Bryant et al., 2016), while a 6-year coastal time-series in the English Channel found that variability in alpha-diversity was best explained by change in day length (Gilbert et al., 2012). Here, we observed that changes in temperature most strongly corresponded with changes in bacterial community structure and with variability in alpha-diversity and that changes in temperature strongly corresponded with changes in production inhibition. Our results therefore suggest that temperature had a strong influence on bacterial diversity and that these changes in the community affected the overall response to WAF exposure.



5. Conclusion

In conclusion, we observed that temperature was a key driver of the inhibition of primary and bacterial production under acute exposure to water-soluble components of MC252 surrogate crude oil. Inorganic nutrient concentrations had no significant effect on the inhibition of primary or bacterial production, perhaps because concentrations varied minimally throughout the year. Additionally, we observed that the background bacterial community structure and diversity correlated with changes in the inhibition of bacterial production, indicating that certain communities are more susceptible to exposure than others. Lastly, we observed that temperature strongly corresponded with changes in the microbial community, providing linkages between environmental conditions, the microbial community, and the community level response to oil exposure. Combined, these observations indicate that there is no universal response to oil spills and that in coastal, surface waters crude oil exposure has the highest inhibitory effect on phytoplankton and bacterial communities during warm months.
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Date (D/M/Y) | Season Salinity | Temperature Nitrate + nitrite | NHz (ug N/L) | Total Kjeldahl nitrogen Orthophosphate Total phosphorus (g
(°C) (nwg N/L) (mg N/L) (ng P/L) P/L)
11/9/2015 Summer 36 26.8 20.110 Below MDL 0.328 15.86 Below MDL
24/9/2015 Fall 36 25.4 14.650 Below MDL 0365 14.79 Below MDL
8/10/2015 Fall 36 220 13.400 Below MDL 0314 14.58 Below MDL
23/10/2015 Fall 36 220 11390 Below MDL 0330 14.40 Below MDL
5/11/2015 Fall 36 23.0 17.280 Below MDL 0277 14.57 Below MDL
20/11/2015 Fall 37 19.2 11.070 Below MDL 0.630 14.54 Below MDL
22/12/2015 Winter 36 17.3 12240 Below MDL 0343 15.84 Below MDL
8/1/2016 Winter 36 14.9 21.970 Below MDL 0325 14.78 Below MDL
22/1/2016 Winter 35 13.6 14.930 Below MDL 0.399 1423 Below MDL
3/2/2016 Winter 36 16.6 16390 Below MDL 0512 1231 Below MDL
19/2/2016 Winter 36 14.6 16390 Below MDL 0395 13.65 Below MDL
71312016 Winter 35 16.4 16.480 Below MDL 0.384 13.94 Below MDL
14/3/2016 Winter 36 17.4 19.360 Below MDL 0419 14.58 Below MDL
28/3/2016 Spring 34 17.0 12.660 Below MDL 0.503 12.66 Below MDL
71412016 Spring 36 18.0 9.438 Below MDL 0297 13.81 Below MDL
22/4/2016 Spring 35 19.5 9.598 Below MDL 0.284 1351 Below MDL
6/5/2016 Spring 36 19.2 18,520 Below MDL 0270 13.71 Below MDL
20/5/2016 Spring 34 26 12.170 Below MDL 0319 14.10 Below MDL
3/6/2016 Spring 27 25.6 9.148 Below MDL 0257 10.72 Below MDL
17/6/2016 Spring 37 25 15730 Below MDL 0383 1530 Below MDL
1/7/2016 Summer 32 25.4 12.090 Below MDL 0324 13.50 Below MDL
18/7/2016 Summer 33 27:5 16.060 Below MDL 0.309 13.94 Below MDL
29/7/2016 Summer 31 28.2 11.990 Below MDL 0.288 1323 Below MDL
12/8/2016 Summer 36 235 26.130 Below MDL 0345 17.37 Below MDL
29/8/2016 Summer 35 26.8 11.930 Below MDL 0283 14.08 Below MDL
12/9/2016 Summer 35 26.4 8.460 Below MDL 0374 13.77 Below MDL
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