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ABSTRACT OF THE DISSERTATION 

 

Microbial contributions to metabolic oxygen turnover in the central Arctic Ocean 

 

 

by 

 

Emelia J Chamberlain 

 

Doctor of Philosophy in Oceanography 

University of California San Diego, 2023 

Professor Jeff Bowman, Chair  

 
 

The metabolic balance between photosynthesis and respiration imposes a biological 

control on the ocean’s ability to sequester carbon dioxide within the global carbon cycle. In the 

Arctic, however, the net trophic state of this balance is still uncertain due to sporadic regional 

data availability, methodological measurement biases, and poor mechanistic constraints on 

various physical and biological influences. In this dissertation, I used a combination of field 

observations and experimental approaches to identify mechanistic links between microbial 

(phytoplankton, bacterial, and archaeal) community structure and biogeochemical oxygen 
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cycling, resolving uncertainties in the biological influences on net metabolic balance in the 

surface Arctic Ocean. First, I experimentally investigated the inherent biases of sample melting 

procedures on measurements of first year sea ice microbial community structure, such as cell 

abundance, photo-physiology, and community composition. I found that an equivalent-volume 

35-ppt buffered melt was best at minimizing cell loss due to osmotic stress, but various buffers 

were enough to reduce bias in amplicon sequence-based community composition when 

comparing to direct melting procedures. Next, I explored direct linkages between water column 

microbial community structure and metabolic balance using nearly a year’s worth of amplicon 

sequencing and biological oxygen utilization observations collected during the MOSAiC 

International Arctic Drift Expedition (2019-2020). Applying predictive machine learning 

techniques to this paired timeseries, I identified both general successional patterns and specific 

taxa within the microbial community that tracked, and could reliably predict, biological oxygen 

consumption ( 5.32 mol kg-1). Finally, I characterized fine-scale environmental controls on 

near-surface microbial community structure and metabolic oxygen turnover during the Arctic 

melt season. Observations from the MOSAiC Expedition indicated that meltwater induced 

salinity stratification results in ecologically distinct microhabitats with unique microbial 

assemblages and significant variation in net biological oxygen consumption. Culture-based 

laboratory experiments further showed that while primary production decreased significantly 

with exposure to low salinity conditions, community respiration rates persisted indicating 

increased likelihood for net heterotrophy at the air-sea interface in stratified meltwater layers. 

Taken together, this dissertation highlights microbial contributions to surface ocean metabolic 

oxygen turnover and provides information to better study, and model, this key ecological 

process in a future Arctic.



1 

INTRODUCTION 
 

The central Arctic Ocean is currently undergoing rapid environmental change, with 

cascading effects on many components of the polar marine ecosystem. Over the last few decades, 

amplified climate warming (Rantanen et al. 2022) has led to drastic reductions in sea ice thickness 

(Stroeve and Notz 2018) and extent (Meredith et al. 2019). Sea ice is a key component within the 

Arctic climate system, modulating the flow of energy, moisture, and gases between the ocean and 

atmosphere (Lannuzel et al. 2020; Nicolaus et al. 2022) and serving as an important habitat for 

microbial life (Boetius et al. 2015). 

The prokaryotic (i.e., bacteria and archaea) and eukaryotic (i.e., phytoplankton and ice 

algae) microorganisms growing within and just beneath sea ice and are major contributors to polar 

biogeochemical cycles (Edwards et al. 2020; Campbell et al. 2022b). An estimated 2–24% of the 

total primary production in polar seas comes from sea ice associated algae (van Leeuwe et al. 

2018). Some amount of this carbon is then remineralized through the microbial loop, consumed 

by higher trophic levels in the ice, water column, or benthos, or sequestered for long term storage 

in the deep ocean (Azam et al. 1983). Over long timescales, the total amount of net carbon export 

is approximately equivalent to the ecosystem’s total net community production (NCP), or the 

metabolic balance between carbon fixation by photosynthetic autotrophs and aerobic respiration 

by heterotrophs (Volk and Hoffert 1985; Izett et al. 2021).  

In situ, net metabolic balance is directly influenced by individual metabolic activity and 

growth efficiencies of the microbial community, with many taxonomic groups displaying variable 

primary production rates (Journal and Rao 1988; van Leeuwe et al. 2018), contrasting trophic 

strategies (Worden et al. 2015; Norris et al. 2021), and respiration rates (Munson-McGee et al., 

2022). However, our current understanding of such functional metabolic diversity among the 
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central Arctic microbial community is still poorly constrained, as well as its ultimate impact on 

already highly uncertain estimates of net biological carbon drawdown in a changing Arctic 

(Lannuzel et al. 2020). Sea ice itself is a complex heterogenous matrix which can make physically 

sampling for microbial and biogeochemical parameters technically difficult (Miller et al. 2015; 

Campbell et al. 2022b). Additionally, long-term in situ biological measurements, particularly for 

the central Arctic, are scarce and seasonal ice cover prevents remote sensing methods from 

capturing key variables, i.e., NCP, within and below the ice (Willis et al. 2023).  Moreover, 

concurrent environmental changes to both the physical and biological processes which influence 

metabolic balance adds complexity to disentangling the relative contributions of process-level 

mechanisms driving net carbon sequestration in the context of a changing Arctic.  

In this thesis, I present work which aims to address these uncertainties and constrain 

specific microbial contributions to the central Arctic’s net metabolic balance, here measured using 

biological oxygen turnover. In all chapters, prokaryotic and eukaryotic community structure was 

measured using 16S and 18S rRNA gene amplicon sequencing, respectively.  

Chapter 1 quantifies the impacts of methodological biases on measurements of sea ice 

microbial community structure. Most biological analyses techniques are optimized for liquid 

samples and certain methodological melting approaches must be applied to conduct meaningful 

ecological research on sea ice microbial communities. In this chapter, I experimentally compared 

common buffering methods for sea ice melt procedures and analyzed the resulting biases on 

microbial measurements. This study offers recommendations for optimal melt approaches in sea 

ice research to the community and provides an example of the potential biases in such studies.  

 Chapter 2 examines predictive linkages between microbial community composition and 

biological oxygen utilization using a year-long paired timeseries from the central Arctic Ocean. 
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Leveraging machine learning to disentangle seasonal and spatial patterns in oceanographic 

taxonomic and metabolic community turnover, this work identifies key microbial predictors of 

metabolic oxygen balance in the surface Arctic Ocean and raises new questions regarding the role 

of heterotrophic microbes in regulating pelagic NCP and carbon sequestration. 

 Chapter 3 investigates the impact of seasonal influxes of freshwater from ice and snowmelt 

during Arctic summer on microbial community structure and biogeochemical cycling at the air-

sea interface. Comparing observational data from stratified meltwater habitats to experimental 

results from lab-based cultures, I found that pooling meltwater on the ocean’s surface contained a 

unique, metabolically active microbial community which was ecologically distinct from, and 

significantly more net heterotrophic than, the immediately underlying seawater.     

 Overall, this research emphasizes the importance of microbes, particularly heterotrophic 

microbes like bacteria and archaea, in regulating net ecosystem function. Bacteria account for most 

respiration in open ocean environments (Williams 1981; Rivkin and Legendre 2001), and play a 

critical, yet often underestimated, role in the attenuation of sinking particulate carbon flux under 

ice cover (Kellogg et al. 2011). How these processes will be impacted by climate change is a 

pressing research topic (Edwards et al. 2020; Campbell et al. 2022b) with implications far beyond 

the Arctic system (Cavicchioli et al. 2019). The results of this dissertation highlight the sensitivity 

of sea ice and Arctic Ocean diversity to changing environmental parameters and offer further 

evidence of the predictive linkages between community structure and function — providing key 

baseline information for modeling polar microbial communities under future climate conditions. 
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CHAPTER 1 – Impacts of sea ice melting procedure on measurements of microbial community 

structure 

 

Abstract 

Microorganisms play critical roles in sea ice biogeochemical processes. However, 

microbes living within sea ice can be challenging to sample for scientific study. Because most 

techniques for microbial analysis are optimized for liquid samples, sea ice samples are typically 

melted first, often applying a buffering method to mitigate osmotic lysis. Here, we tested 

commonly used melting procedures on three different ice horizons of springtime, first year, land-

fast Arctic sea ice to investigate potential methodological impacts on resulting measurements of 

cell abundance, photophysiology, and microbial community structure as determined by 16S and 

18S rRNA gene amplicon sequencing. Specifically, we compared two buffering methods using 

NaCl solutions (‘seawater’, melting the ice in an equal volume of 35-ppt solution, and ‘isohaline’, 

melting with a small volume of 250-ppt solution calculated to yield meltwater at estimated in situ 

brine salinity) to direct ice melting (no buffer addition) on both mechanically “shaved” and “non-

shaved” samples. Shaving the ice shortened the melting process, with no significant impacts on 

the resulting measurements. The seawater buffer was best at minimizing cell lysis for this ice type, 

retaining the highest number of cells and chlorophyll a concentration. Comparative measurements 

of bacterial (16S) community structure highlighted ecologically relevant subsets of the community 

that were significantly more abundant in the buffered samples. The results for eukaryotic (18S) 

community structure were less conclusive. Taken together, our results suggest that an equivalent-

volume seawater-salinity buffered melt is best at minimizing cell loss due to osmotic stress for 

springtime Arctic sea ice, but that either buffer will reduce bias in community composition when 

compared to direct melting. Overall, these findings indicate potential methodological biases that 
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should be considered before developing a sea ice melting protocol for microbiological studies and 

afterwards, when interpreting biogeochemical or ecological meaning of the results. 

 

Introduction 

Sea ice is a critical component of polar marine ecosystems. Prokaryotic and eukaryotic 

microorganisms growing in sea ice, particularly at the ice-seawater interface, are significant 

contributors to polar biogeochemical cycles (Vancoppenolle et al. 2013). Primary production from 

ice algae is responsible for an estimated 2–24% of the total primary production in sea ice covered 

regions, where bottom ice can contain up to 10 times more biomass carbon than the underlying 

seawater (van Leeuwe et al. 2018). The unique ecology of these microbial communities derives in 

part from the nature of sea ice. When ice forms from seawater, impurities such as salt and particles 

are excluded from the growing ice crystals, creating a brine that increases in salinity as temperature 

decreases and the ice continues to grow. This brine accumulates between growing ice lamellae at 

the ice-seawater interface, forming a habitat for the sea ice microbial community within the ice 

matrix (Worster and Wettlaufer, 1997; Grossi and Sullivan, 1985; Junge et al., 2004). As air 

temperature drops and sea ice grows, the ice develops strong vertical gradients in temperature and 

brine salinity, with pore spaces in the upper ice becoming colder and more saline (Worster and 

Wettlaufer, 1997; Grossi and Sullivan, 1985). These conditions impose considerable stress on 

microbial communities. However, sea ice microbial communities appear to be well adapted to such 

conditions, with a percentage of the community remaining metabolically active even through the 

polar night (Junge et al. 2004).  

The inherently stratified and heterogeneous nature of the sea ice matrix presents a challenge 

for sampling internal brine communities. Many methods commonly applied to sea ice microbial 

communities are designed for liquid samples and require melting the ice before analysis (Miller et 
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al. 2015). Because the bulk salinity of sea ice (melted ice + brine) is lower than the brine salinity 

of the pore spaces inhabited by the sea ice microbial community, melting can have undesired 

effects on cell physiology and morphology, including cell lysis due to osmotic stress. Simply 

melting the ice (“direct” melt) has been shown to result in 13–97% eukaryotic cell loss, with the 

highest losses in ciliates and flagellates (Garrison and Buck, 1986; Mikkelsen and Witkowski, 

2010), and up to 55% bacterial cell loss in winter ice (Ewert et al., 2013). These losses can alter 

measurements of dissolved inorganic nutrients and other parameters. Recent work identified a 

significant difference in dissolved ammonium concentration between buffered and direct melting, 

which the authors hypothesized to be the result of lysis of ammonium-rich flagellates and ciliates 

(Roukaerts et al. 2019). An alternative explanation to increased ammonium from direct melting is 

stimulated bacterial respiration of nitrogen-containing compatible solutes, abundantly released 

from marine microorganisms during sea ice melt (Firth et al. 2016; Torstensson et al. 2019). The 

relevant explanation may be influenced by ice-melting time, ice community composition, and 

sampling location (depth) within the sea ice matrix. 

To combat these biases when melting sea ice, several techniques have been implemented 

by the scientific community to control the thermohaline properties of ice during the melting 

process and minimize osmotic stress. In addition to direct melt methods, common protocols 

include melting with “seawater” or “isohaline” buffers. A seawater-buffered melt involves melting 

an ice section in an equivalent (or larger) volume of either filtered seawater or a NaCl solution 

prepared to near-oceanic salinity (i.e., 34–35 ppt). An isohaline-buffered melt involves melting an 

ice section in a specific volume of a more concentrated or hypersaline NaCl solution, so that the 

resulting meltwater has a salinity similar to the estimated internal brine salinity for that ice horizon 
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(Miller et al. 2015). Internal brine salinities for sea ice are calculated using the measured parameter 

of ice temperature (Cox and Weeks, 1983).  

Mechanical ice crushing, e.g., using a hammer on ice core sections in a plastic bag covered 

by a towel, is sometimes implemented in sea ice melt protocols to reduce melting time (Junge et 

al. 2004). A shorter melting time is thought to help minimize shifts in community structure during 

the melting period; rapid melting also appears to reduce impacts on phytoplankton 

photophysiology (Campbell et al. 2019). We explored an alternative option for reducing the 

melting time, using a commercial ice shaver, commonly used in the food and beverage industry 

for producing ice-cold drinks, to shave the sea ice core sections. 

The general recommendation is that ice samples should be melted at low temperature using 

a buffer compatible with the intended biological analysis. Yet, there is little consensus in the 

literature on which exact melting procedures to employ, making comparing measurements across 

studies difficult (Miller et al., 2015) and increasing the complexity of designing field campaigns. 

Recently, Campbell et al. (2019) found that variations in melt protocols can account for over 60% 

of the variability within Arctic primary production estimates. Additionally, while biases in 

phytoplankton community structure due to melt procedures have been well documented (Garrison 

and Buck, 1986; Mikkelsen and Witkowski, 2010), there has been less effort to quantify the effects 

on bacterial community structure. By measuring both prokaryotic and eukaryotic communities 

simultaneously, our data provide a broader perspective to fully understand the impacts and inherent 

biases of melt procedures on analyses of microbial abundance and community structure in sea ice. 

We tested the direct, seawater, and isohaline melt procedures on shaved and non-shaved 

land-fast spring sea ice collected from the Chukchi Sea to quantify their impacts on microbial 

(eukaryotic and bacterial) abundance, photophysiology, and community structure. Specifically, we 
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sought to identify which melting method was best at minimizing cell loss and whether specific 

bacterial (16S) or eukaryotic (18S) rRNA gene phylotypes were differentially impacted by the 

melt procedures. The results of this experiment provide a basis for recommending optimal melt 

approaches in sea ice research and offer an example of potential biases in such studies.   

 

Methods 

Site description and ice core processing 

A total of 18 first-year sea ice cores were collected from Chukchi Sea land-fast ice 

approximately 400 m northwest of the Iḷisaġik College (Naval Arctic Research Laboratory 

campus) in Utqiaġvik, AK (Figure 1-1) on April 10, 2019. The cores were collected approximately 

15 cm apart with a 9-cm diameter Kovacs ice corer and sectioned in the field using an ethanol-

sterilized hand saw. Snow depth was consistent across the sampling site (5 cm) and total ice 

thickness was measured at 68 cm. Air temperature at the time of sampling was −11ºC, and ice 

temperature was measured immediately after collection of the first core at the top and bottom of 

the core using a thermistor probe. A linear model fit was then used to estimate temperatures 

throughout the core (ice-seawater interface: −1.8ºC, top: −8.2ºC). For all cores, the bottom 50-cm 

portion of the ice was sectioned into three distinct depth horizons: 0–10 cm (midpoint temperature: 

−2.3ºC), 10–30 cm (midpoint temperature: −3.7ºC), and 30–50 cm (midpoint temperature: 

−5.6ºC), where the ice-seawater interface is 0 cm. Sections were sealed in sterile bags (Whirl-

Pak™) before transport in a light-shielded cooler to the Barrow Arctic Research 

Center/Environmental Observatory, with approximately 2.5 hours between collection and the 

completion of shaving and buffer addition.  
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Figure 1-1. Map and images of sampling site. 

Ice cores were collected from springtime land-fast sea ice near Utqiaġvik, AK, at a coring location 

(red circle, all panels) located approximately 400 m northwest of Iḷisaġik College, Naval Arctic 

Research Laboratory campus (blue triangle, panel A). (A) Map created in Ocean Data View 

version 5.6.2 (Schlitzer, 2022), where dark grey indicates land and shades of brown indicate ocean 

bathymetry (IBCAO; Jakobsson et al., 2012); inset created using ESRI satellite imagery in QGIS 

version 3.18.3 (QGIS.org, 2021). (B) Sampling site determined by field notes and images, one 

example of which is provided, from the date of sampling. Photo credit: JS Bowman. 

 

Procedural variations in ice-melting method (direct melting and two buffering methods) 

were assessed for shaved and non-shaved ice sections across all ice horizons (Figure 1-2). First, 

half of the cores (9 cores, 27 horizons) were shaved using an industrial ice shaver (Swan SI-100E) 

rinsed with Milli-Q water. Then, shaved and non-shaved cores were split evenly among the three 

melting methods (6 cores, 18 total horizons per method; Figure 1-2). Samples in the “direct melt” 

(DM) method received no addition of buffer for an approximate final melt volume of 700 mL in 

the 0–10 cm ice horizon and 1300 mL in the 10–30 cm and 30–50 cm horizons. In the “isohaline 
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melt” (IM) method, a volume of autoclaved 250 ppt reagent grade NaCl (Fisher Scientific™) 

solution (stored at 5ºC) was added to each sample to reach a final melt salinity matching the 

estimated brine salinity for each ice horizon: 43 ppt, 67 ppt, and 95 ppt, respectively. Brine 

salinities were estimated as a function of ice temperature. Volumes for brine addition were 

calculated using the equations outlined in Cox and Weeks (1983) as a function of ice temperature 

and density (calculated from bulk ice salinity and temperature; Table 1-S1). Bulk ice salinity was 

measured using a refractometer on a directly melted subsample of the midpoint of each ice section 

prior to further treatment. Specifically, a 5 cm, 20 cm, and 40 cm subsample were collected into 

individual 50 mL falcon tubes from a representative ice core at the start of coring and the small 

volumes allowed for rapid melt at room temperature. Samples in the “seawater melt” (SM) method 

were weighed on a balance and an equivalent mass of autoclaved 35-ppt NaCl solution (stored at 

5ºC) was added, reaching a volumetric dilution factor of 2.06. Approximate final melt volumes 

were 1300 mL for 0–10 cm ice sections and 2700 mL for 10–30 cm and 30–50 cm sections. 

Following processing at room temperature, laboratory lighting was turned off and samples were 

left to melt in their original sample bags for approximately 5 hours before bags were moved into 

dark refrigerators (1–5ºC) to finish melting overnight. Samples were observed over the course of 

the next morning (April 11, 2019) and subsampled for the following measurements as quickly as 

possible following the complete melt of each section.  

 

Cell abundance and photophysiology 

Samples for cell abundance (flow cytometry) and photophysiology (active fluorescence) 

measurements were collected at room temperature in ambient laboratory lighting. After gentle 

mixing, an aliquot of 4 mL of meltwater was transferred to a polycarbonate cuvette and run 

immediately on an AquaFlash Handheld Active Fluorometer (Turner Designs™) to measure  
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Figure 1-2. Schematic of the experimental set-up. 

The bottom 50 cm of 18 ice cores were sectioned into 3 horizons (0–10 cm, 10–30 cm, and 30–50 

cm, labeled as 5, 20 and 40, respectively), which were distributed evenly among treatments. Half 

of the ice sections (27 of 54, indicated by the dashed box) were shaved using an industrial ice 

shaver. Eighteen sections (9 shaved and 9 non-shaved) were used in each of the 3 melting methods. 

Direct melt (DM) sections were melted with no osmotic buffer added; isohaline melt (IM) sections 

were melted in an individualized volume of 250 ppt NaCl solution to reach a final salinity matching 

estimated internal brine salinities; and seawater melt (SM) sections were melted in an equivalent 

mass of 35 ppt NaCl solution. All cores were processed further in the same manner. 

 

chlorophyll a concentration (μg L−1) and effective quantum yield according to the following 

equation, where Fm represents the fluorescence maximum and F0 represents the fluorescence 

minimum: 

∆𝐹

𝐹𝑚′
 = (

𝐹𝑚−𝐹0

𝐹𝑚
) 

We aliquoted 2 mL of meltwater for measurements of cell abundance using a flow cytometer. 

These samples were stored in plastic cryovials, fixed to a final concentration of 0.25% 

glutaraldehyde, and shipped frozen on liquid nitrogen to Scripps Institution of Oceanography 

(SIO) at the University of California San Diego. At SIO, they were stored at −20ºC until processed 
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(April 23, 2019) on a Cyflow Space flow cytometer (Sysmex America Inc.™). Total cell 

abundance was measured by staining 1 mL of sample with the nucleic acid stain SYBR-green 

(Molecular Probes™) which binds to all DNA. Additionally, autofluorescent cell abundance was 

measured by running the remaining 1 mL of unstained sample to count only the photosynthetic, 

chlorophyll-containing microbial community. Autofluorescent cell abundance was measured in 

addition to total cell abundance to assess whether the photosynthetic population was any more or 

less sensitive to osmotic stress and buffer type than the rest of the microbial community. Forward 

scatter, side scatter, and fluorescence channels FL1 (ex/em: 488/536 nm), FL2 (ex/em: 488/590 

nm), FL3 (ex/em: 488/675nm), FL4 (ex/em: 488/748nm), FL5 (ex/em: 405/455 nm), and FL6 

(ex/em: 638/748 nm) were used to characterize and count all (DNA-containing) and 

autofluorescent (chlorophyll-containing) cells. A standard volume of 1:10 diluted 123-eCount 

beads (Fisher Scientific™) were used to calculate absolute cell counts. Both absolute cell counts 

(autofluorescent and total cells) were then normalized to their respective melt-method dilution 

factors: 1 for the direct-melt method, 2.06 for the seawater-melt method, and between 1.2 and 1.6 

for the isohaline-melt method (Table 1-S1).   

  

DNA collection, extraction, and sequencing 

 Immediately following subsampling for cell abundance and photophysiology, a volume of 

500–2000 mL (section- and biomass-dependent) of meltwater was filtered through a sterile 0.2 μm 

Supor membrane disc filter (Pall Corporation), using a peristaltic pump, for subsequent 16S/18S 

rRNA gene amplicon sequencing. Tubing and filter housing were flushed with Milli-Q between 

each melting method/core section combination. Filters were stored at −20ºC until transport to SIO 

on liquid nitrogen. At SIO, filters were stored at −80ºC until extraction on June 25, 2019. 

Extractions were performed on a KingFisherTM Flex Purification system using a MagMax 
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Microbiome Ultra Nucleic Acid Extraction kit (ThermoFisher Scientific). Amplicon library 

preparation and sequencing were conducted at the Argonne National Laboratory using a 2 x 150 

bp library architecture on the Illumina MiSeq platform. Universal primers 515F and 806R (16S, 

V4; Walters et al., 2016) and 1380F, 1389F, and 1510R (18S, V9; Amaral-Zettler et al., 2009) 

were used for rRNA gene amplification. Illumina reads were denoised and merged using the R 

package dada2 (Callahan et al. 2016). The resulting amplicon sequence variants (ASVs) were used 

as input for the paprica v0.7.0 pipeline, a phylogenetic placement approach for determining 

community structure and metabolic potential (Bowman and Ducklow, 2015; Erazo et al., 2021; 

https://github.com/bowmanjeffs/paprica). 

For Bacteria and Archaea, paprica places sample reads onto a reference tree created from 

the concatenated 16S and 23S rRNA genes from all completed genomes in the Genbank RefSeq 

database (Haft et al. 2018). Each ASV is placed to either an internal or terminal branch on the tree 

(Nawrocki and Eddy 2013; Barbera et al. 2019; Czech et al. 2020). Taxonomically, ASVs assigned 

to terminal completed genomes are described by their complete taxonomic name, while ASVs 

assigned to internal estimated genomes are described by the consensus taxonomy for all 

downstream nodes. “Placement proportions” represent the percentage of times a unique ASV was 

assigned to a specific terminal branch. ASVs with lower placement proportions were placed to 

multiple nodes, indicating lower confidence in the final classification. Regardless, the taxonomic 

associations derived from terminal placements should not be taken literally; our use here indicates 

only that the association is the closest relative among genomes in RefSeq. The point of placement 

in the reference tree is then used to estimate genome size, 16S rRNA gene copy number, and GC 

content (Bowman and Ducklow 2015; Karp et al. 2021). The 16S rRNA gene copy number was 

used to normalize the abundance data and combined with total cell counts from flow cytometry 
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data to calculate normalized read counts for each ASV. For Eukarya, paprica places ASVs onto a 

reference tree created from the unique 18S rRNA genes present in the PR2 4.13.0 database 

(Guillou et al. 2013). The 18S rRNA gene ASVs are represented by relative abundance only and 

were not normalized to 18S rRNA gene copy. ASVs with an abundance of 1, samples with bad 

library builds (<5000 total ASV counts), and suspected mitochondria/chloroplasts were filtered 

out prior to all further downstream analyses.  

 

Statistical analyses 

All statistical analyses were carried out using the R programming language in R Studio (R 

Core Team 2023). To assess differences between melting methods or ice shaving on cell 

abundance (log10 transformed), chlorophyll a content (log10 transformed), effective quantum yield, 

and microbial diversity (inverse Simpson Index), we first ran a two-way crossed ANOVA with an 

error factor accounting for ice horizon using all samples collected (vegan package; Oksanen et al., 

2015). When statistically significant differences were encountered for either of these procedural 

variations (with no significant interaction between them), or to further investigate fine scale 

variability within ice horizons (0–10 cm, 10–30 cm, and 30–50 cm), we then individually tested 

for significant differences at each horizon using the non-parametric Kruskal-Wallis test with Dunn 

pair-wise comparisons (vegan package; Oksanen et al., 2015). Only Kruskal-Wallis tests where 

significant differences were encountered in one or more ice horizon are presented here.  

To assess impacts of melt procedures on microbial community structure, a non-metric 

multidimensional scaling (NMDS) ordination was run based on the Bray-Curtis dissimilarity 

matrix (Bray and Curtis 1957) of 16S/18S ASV read counts/relative abundances (phyloseq 

package; McMurdie and Holmes, 2013). A permutational analysis of variance (PERMANOVA) 

was then used to individually test for significant differences between melting methods, shaved and 
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non-shaved ice, and ice horizons within each dissimilarity matrix (999 permutations). Confidence 

in results was confirmed using a beta dispersion test (vegan package; Oksanen et al., 2015). All p-

values were adjusted to correct for multiple comparisons using the Holm-Bonferroni method with 

initial significance cut-off of  = 0.05 (Holm 1979). 

We used the package DeSeq2 to assess if specific 16S or 18S rRNA gene phylotypes were 

differentially abundant between ice-melting methods (Love et al. 2014). We limited this analysis 

to procedures that significantly impacted community structure in the PERMANOVA results. 

DESeq2 calculates dispersion estimates using a parametric, dispersion-mean relation through a 

robust gamma-family generalized linear model. Size factors were estimated using the median ratio 

method to control for differences in library size, and the Wald test was used to determine log2fold 

changes in ASV abundances. P-values for significant ASVs were adjusted for false discovery rate 

using the Benjamini-Hochberg adjustment where values below 0.1 were considered significant 

(the default setting for DESeq2; Love et al., 2014). Methods for utilizing DeSeq2 on ASVs were 

adapted from Webb et al. (2019) and Erazo and Bowman (2021).  

 

Results 

In this section, comparisons between melting method within individual ice horizons are 

referred to as method-5, method-20, and method-40, where method indicates direct melt (DM), 

seawater melt (SM) or isohaline melt (IM) and numbers indicate the midpoint for the 0–10 cm, 

10–30 cm, and 30–50 cm ice horizons, respectively. For example, samples from the 0–10 ice 

horizon that were buffered using the seawater-salinity melt method are designated ‘SM-5’ (Figure 

1-2, Table 1-1).  
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Table 1-1. Procedural overview with averages and standard deviations of key parameters. 

Ice 

horizon 

(cm) 

Melting 

method 

(label)a 

Ice shaving 
AF abundancea 

(cells mL–1) 

TC abundancea 

(cells mL–1) 

Chlorophyl

l aa (g L–1) 

Effective 

quantum 

yield (%) 

0–10 

Direct melt 

(DM-5) 

Shaved 6.7  4.0 x 104 2.2  0.88 x 105 131  17 0.09  0.09 

Non-shaved 6.7  4.3 x 104 2.6  0.26 x 105 151  10 0.07  0.01 

Isohaline 

melt (IM-5) 

Shaved 7.6  1.4 x 104 3.1  0.70 x 105 151  42 0.11  0.05 

Non-shaved 4.4  0.80 x 104 2.3  0.69 x 105 180  332 0.04  0.06 

Seawater 

melt (SM-5) 

Shaved 3.9  1.3 x 104 2.6  0.10 x 105 182  22 0.15  0.04 

Non-shaved 7.7  3.6 x 104 6.5  1.6 x 105 213  40 0.04  0.04 

10–30 

Direct melt 

(DM-20) 

Shaved 2.4  0.69 x 103 2.4  0.78 x 104 12  4 0.12  0.07 

Non-shaved 3.0  0.37 x 103 2.7  0.46 x 104 9  2 0.09  0.07 

Isohaline 

melt (IM-

20) 

Shaved 2.5  0.35 x 103 3.2  0.62 x 104 11  2 0.06  0.03 

Non-shaved 2.6  0.13 x 103 3.4  1.0 x 104 18  14 0.08  0.08 

Seawater 

melt (SM-

20) 

Shaved 3.9  1.5 x 103 3.7  0.85 x 104 25  9 0.16  0.04 

Non-shaved 2.7  0.27 x 103 4.9  0.99 x 104 19  4 0.10  0.08 

30–50 

Direct melt 

(DM-40) 

Shaved 1.2  0.40 x 103 1.8  1.0 x 104 7  1 0.12  0.09 

Non-shaved 2.0  0.60 x 103 2.7  0.49 x 104 14  3 0.09  0.05 

Isohaline 

melt (IM-

40) 

Shaved 1.4  0.68 x 103 1.4  0.49 x 104 10  4 0.12  0.09 

Non-shaved 1.1  0.57 x 103 2.2  1.1 x 104 11  2 0.10  0.06 

Seawater 

melt (SM-

40) 

Shaved 6.1  2.4 x 103 6.6  2.6 x 104 17  4 0.11  0.07 

Non-shaved 3.0  0.52 x 103 3.6  0.75 x 104 28  16 0.08  0.06 

aValues are the average of meltwater measurements (n = 3) multiplied by the dilution factor for 

the buffered methods, which for seawater melt (SM) samples was 2.06 and for isohaline melt 

(IM) samples was 1.2 (IM-5), 1.3 (IM-20), and 1.6 (IM-40). AF indicates autofluorescent cells; 

TC, total cells  

 

Cell abundance and photophysiology 

Average total cell (TC) abundance and autofluorescent cell (AF) abundance did not vary 

significantly between shaved and non-shaved ice horizons (AF, p = 0.797; TC, p = 0.167; Table 

1-2). However, average TC and AF abundance did vary significantly between melting methods 

(ANOVA test: TC, p < 0.0001; AF, p = 0.0345; Table 1-2), and Kruskal-Wallis analyses for each 

ice horizon revealed that melting method was a statistically significant factor only in the two 

uppermost sections of the ice column (Figure 1-3A and B, Table 1-3). At 10–30 cm, the SM 

method resulted in significantly higher TC abundances than the DM method (Figure 1-3A, Table 
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1-3), with mean TC abundance in the SM-20 samples 75% higher than DM-20 samples (4.3 x 104 

and 2.6 x 104 cells mL−1, respectively; Table 1-1).  

At 30–50 cm, the SM method resulted in significantly higher TC and AF abundances than 

either the DM or IM methods (Figure 1-3A and B, Table 1-3). Mean AF abundance in SM-40 

samples was 188% higher than DM-40 and 260% higher than IM-40 samples (Table 1-1). Mean 

TC abundance in SM-40 samples was 181% higher than IM-40 samples and 128% higher than 

DM-40 samples (Table 1-1).  

Table 1-2. ANOVA summary statistics. 

Parametera 
Melting method Ice shaving Interaction 

F (2, xx)b P adjc F (1, xx)b P adjc F (2, xx)b P adjc 
AF abundance (xx = 48) 4.912 0.0345 0.067 0.7965 1.675 0.3960 

TC abundance (xx = 48) 13.73 <0.0001 3.122 0.1672 0.550 0.5808 

Chlorophyll a (xx = 46) 16.6 <0.0001 5.179 0.0552 0.460 0.6345 

Effective quantum yield (xx = 52) 0.112 1.000 3.878 0.1629 0.165 1.000 

Bacterial diversity (xx = 44) 0.555 1.000 0.000 1.000 0.295 1.000 

Eukaryotic diversity (xx = 51) 3.489 0.114 2.345 0.264 0.975 0.384 

aAF indicates autofluorescent cells; TC, total cells; parenthetic value, degrees of freedom. 
bTwo-way crossed analysis of variance (ANOVA), testing melting method (direct, isohaline, and 

seawater) and ice shaving (shaved, non-shaved) with an error factor to account for ice horizon. 
cAll p-values adjusted to account for multiple comparisons using the Holm-Bonferroni correction, 

 = 0.05 (Holm 1979).   

 

Based on the two-way ANOVA analysis, mean chlorophyll a concentration also varied 

significantly by melting method, but not by ice shaving (p < 0.0001 and p = 0.0552, respectively; 

Table 1-2). SM samples retained a significantly higher mean chlorophyll a concentration than DM 

samples across all ice horizons (41% in SM-5, 100% in SM-20, and 109% in SM-40; Figure 1-3C, 

Tables 1-1 and 1-3). Mean chlorophyll a concentration was also significantly higher (109%) in 

mean SM-40 samples than IM-40 samples (Figure 1-3C, Tables 1-1 and 1-3). Effective quantum 

yield showed no significant variation between the shave or melt treatments (Figure 1-3D, Table 1-

2).  
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Figure 1-3. Microbial parameters by ice horizon, shaving, and melting method.  

(A) Total cell (TC) abundance, (B) autofluorescent (AF) cell abundance, (C) chlorophyll a 

concentration, (D) effective quantum yield, (E) bacterial alpha diversity, and (F) eukaryotic alpha 

diversity are plotted by ice horizon and melting procedure, with individual measurements 

represented by triangles (shaved) or circles (non-shaved) and colored by melting method (direct, 

isohaline, or seawater melt). The midline of each box represents the median, below which is the 

first quartile and above, the third quartile. Whiskers represent the minimum and maximum of the 

spread, and outliers are marked by standalone points. Cell abundances and chlorophyll a 

concentrations were log-transformed, and alpha diversity was calculated using the inverse 

Simpson Index. Significance values (ns = p > 0.05, * = p < 0.05, ** = p < 0.01) represent a one-

way non-parametric Kruskal-Wallis tests run for melting method on each individual ice horizon; 

p-values were adjusted to account for multiple comparisons using the Holm-Bonferroni correction, 

α = 0.05 (Holm, 1979). 

 

Microbial community structure 

Very few archaeal phylotypes (1.6% of 16S ASVs) were detected following sequencing 

quality control, so the prokaryotic analysis of this study focuses solely on the bacterial community. 
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Initially, 42% of the bacterial community was identified as cyanobacteria/chloroplasts and 22% as 

mitochondrial DNA. After removing these ASVs, bacterial community structure was dominated 

by Proteobacteria (28% Gamma, 22% Alpha, 0.6% Beta) and Flavobacteriia (33%) taxa across all 

samples (including all melt procedures and ice horizons, shaved and non-shaved; Figure 1-4A). 

The parametric two-way crossed ANOVA analysis across all samples yielded no significant 

variation in bacterial alpha diversity among 16S ASVs within either melting methods or ice 

shaving (Table 1-2). However, when differences were assessed individually within ice core 

sections, the non-parametric Kruskal-Wallis and Dunn Pairwise Comparison showed significantly 

higher alpha diversity in SM-20 than in IM-20 (Figure 1-3E, Table 1-3). These differing results 

suggest that while there was significant variation between melting method in the 10–30 cm ice 

horizon, this trend is lost to noise when analyzing all samples in the dataset. While melting methods 

did not separate visually in the first two dimensions of the NMDS ordination (Figure 1-S1A), the 

PERMANOVA on the Bray-Curtis dissimilarity matrix of 16S ASV read counts revealed that 

dispersion among groups was significantly different across both melting method (p = 0.012) and 

ice horizon (p = 0.004; Table 1-4). This result indicates strong methodological variation in 

sequence-based bacterial community structure from melting approach. Confidence in 

PERMANOVA results was confirmed by the beta dispersion test (F = 0.662, Df = 2, p = 0.516).  

Eukaryotic community composition across all samples was dominated by diatoms (29% 

Bacillariophyta), amoeboid Cercozoa (18% Filosa-Imbricatea, 10% Filosa-Thecofilosea), and 

Preaxostyla (17%; Figure 1-4B). Similar to the bacterial community, there was no significant 

difference in eukaryotic alpha diversity among 18S relative abundances within the melting 

methods or ice shaving in the two-way crossed ANOVA (Table 1-2). Yet, the non-parametric 

Kruskal-Wallis and Dunn Pairwise Comparison showed significantly lower alpha diversity in SM- 



20 

Table 1-3 Kruskal-Wallis summary statistics for pairwise comparisons of melting method. 

Parameter Test statistics 
Ice horizon 

0–10 cm (xx = 26, 

yy = 19, zz = 22) 

10–30 cm (xx = 24, 

yy = 17, zz = 19) 

30–50 cm (xx = 18, 

yy = 18, zz = 18) 

AF abundance 

KWa, F (2, xx) 0.573 0.986 11.1 

KWa, P  0.751 0.611 0.00389 

DNb, P adj <0.05 NSc NS 0.0221, SM–DM; 

0.00513, SM–IM 

TC abundance 

KWa, F (2, xx) 3.52 9.75 10.7 

KWa, P  0.172 0.00765 0.00472 

DNb, P adj <0.05 NS 0.00683, SM–DM 0.0347, SM–DM; 

0.00513, SM–IM 

Chlorophyll a 

KWa, F (2, xx) 7.03 9.06 10.2 

KWa, P  0.0298 0.0108 0.00624 

DNb, P adj <0.05 0.0242, SM–DM 0.00882, SM–DM 0.0148, SM–DM; 

0.0148, SM–IM 

Bacterial 

diversity 

KWa, F (2, yy) 1.04 6.94 4.46 

KWa, P  0.594 0.0311 0.107 

DNb, P adj <0.05 NS 0.0265, SM–IM NS 

Eukaryotic 

diversity 

KWa, F (2, zz) 0.708 5.04 11.4 

KWa, P  0.702 0.080 0.00332 

DNb, P adj <0.05 NS NS 0.00738, SM–DM; 

0.00985, SM–IM 
aOne-way, nonparametric Kruskal-Wallis (KW) tests run with melting method factors individually 

for each ice horizon. DM indicates direct melt; IM, isohaline melt; SM, seawater melt. 
bP-values from Dunn pairwise comparisons (DN) adjusted to account for multiple comparisons 

using the Holm-Bonferroni correction,  = 0.05 (Holm 1979). Only significant values reported. 
cNS indicates no significant comparisons between melting methods. 

 

40 than either DM-40 or IM-40, again indicating that while some significant variation does occur 

from melting method within ice horizons (Figure 1-3F, Table 1-3), it is not strong enough for 

significance when all samples are considered. Clusters by melting method were not identifiable 

visually in the NMDS ordination (Supplemental Figure 1-S1B), and the PERMANOVA on the 

Bray-Curtis dissimilarity matrix of transformed 18S ASV relative abundances identified no 

significant dispersion among groups for melting method (p = 0.051), only ice horizon (p = 0.004; 

Table 1-4). This result indicates little methodological variation in sequence-based eukaryotic 

community structure from melting approach. Confidence in PERMANOVA results was confirmed 

by the beta dispersion test (F = 0.5035, Df = 2, p = 0.62). 
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Figure 1-4. Overview of taxonomic diversity across all samples.  

Percentage of unique amplicon sequence variants (ASVs) assigned as a completed, or most closely 

related to, genome within each taxonomic class across all samples (all treatments and ice horizons). 

(A) Bacterial class percentages calculated using read counts of each 16S ASV normalized to cell 

count. (B) Eukaryotic class percentages calculated using relative abundance of each 18S ASV. 

 

Ice shaving was not a significant contributor to dispersion within the Bray-Curtis 

dissimilarity matrix of either bacterial ASV read counts or eukaryotic ASV relative abundances 

(Table 1-4) and were not considered in further analyses. 

Table 1-4. PERMANOVA summary statistics. 

Parameter 

Melting method Ice shaving Ice horizon Interaction 1:2 

F  

(2, xx)a 

P adjb F  

(1, xx)a 

P adjb F 

 (2, xx)a 

P adjb F  

(2, xx)a 

P adjb 

16S ASV 

dissimilarity 

matrix (44) 

4.266 0.012 3.016 0.066 46.94 0.004 1.167 0.304 

18S ASV 

dissimilarity 

matrix (51) 

2.438 0.051 2.057 0.364 24.83 0.004 0.940 0.298 

aPermutational multivariate analysis of variance performed on Bray-Curtis dissimilarity matrices 

of 16S amplicon sequence variant (ASV) read counts normalized to total cell count and of 

eukaryotic 18S ASV relative abundances.  
bP-values adjusted using the Holm-Bonferroni correction to account for multiple comparisons,  

= 0.05 (Holm 1979).    

 

Differential abundances within bacterial taxa 

Our DeSeq2 analysis yielded many 16S phylotypes that were differentially abundant 

between melting methods. Comparisons between each method (SM–DM, IM–DM, and IM–SM) 

were run independently for each ice horizon, where positive log2-fold changes indicate ASVs that 
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were significantly (p < 0.1) more abundant in the first of the two compared methods and negative 

log2-fold changes indicate the opposite (Figure 1-S2). A total of 55 ASVs were identified as 

significantly differentially abundant when comparing the SM and DM methods. Only six of these 

ASVs were more abundant in DM samples (two belonging to class Spirochaetia, two to 

Flavobacteriia, one to Alphaproteobacteria, and one to Gammaproteobacteria; Figure 1-S2A and 

C), while 49 were more abundant in SM samples (26% Gammaproteobacteria, 21% 

Alphaproteobacteria, 12% Flavobacteriia, and the remaining 41% split among 10 other classes; 

Figure 1-S2A and C). When comparing IM and SM methods, 71 ASVs were identified as  

significantly differentially abundant, with 15 being more abundant in SM samples (27% 

Flavobacteriia, 20% Alphaproteobacteria, 13% Acidimicrobiia, and 40% among other classes; 

Figure 1-S2D and F) and 56 more abundant in IM samples (25% Gammaproteobacteria, 20% 

Flavobacteriia, 14% Alphaproteobacteria, 5% unidentified bacteria, and 36% among other classes; 

Figure 1-S2D–F). When comparing IM and DM methods, 90 ASVs were identified as significantly 

differentially abundant, with 4 being more abundant in DM samples (one each of 

Alphaproteobacteria, Flavobacteriia, Spirochaetia, and Mollicutes; Figure 1-S2G and I), and 86 

more abundant in IM samples (27% Gammaproteobacteria, 20% Alphaproteobacteria, 14% 

Flavobacteriia, 5% unidentified bacteria, and 33% among other classes; Figure 1-S2G–I).  

When considering all ice horizon and melting method comparisons (removing duplicate 

ASVs, meaning that the ASV was significant in more than one of the above comparisons), a total 

of 110 unique bacterial ASVs were identified as significantly differentially abundant (Table 1-S2). 

Figure 1-5 presents the 50 most abundant of these ASVs, or those with the highest read counts 

across all samples. These data indicate that the strongest variations in read count occurred in the 

0–10 cm  
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Figure 1-5. Significantly differentially abundant bacterial amplicon sequence variants 

(ASVs) between melting method within each ice horizon.  

Cell count normalized 16S ASV read counts were scaled using a z-score between 0 and 1. Bray-

Curtis dissimilarity distances were used to cluster taxa. Columns (samples) are colored by ice 

horizon and melting method. The 50 most abundant of significantly (p < 0.1) differentially 

abundant ASVs from each comparison are shown with duplicate ASVs (significant in more than 

one comparison) shown only once. The paprica taxonomic ID (closest relative among RefSeq or 

PR2 genomes) and placement proportion were used to identify each unique ASV (Bowman and 

Ducklow, 2015). Heatmaps were generated using R package pheatmap (Kolde, 2019). 

  

ice horizon (Figure 1-5). Many of the significantly differentially abundant ASVs with high read 

counts across samples appeared more abundant in the buffered SM and/or IM samples than in the 

DM samples (Figure 1-5). Most of these ASVs had high placement proportions to reference 

genomes within Proteobacteria such as Candidatus Pelagibacter or Bacteroidetes such as 
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Owenweeksia hongkongensis (DSM 17368), Fluviicola taffensis (DSM16823) or other 

unidentified Flavobacteriaceae (Figure 1-5). Some ASVs appeared significantly more abundant 

in DM samples, placing mostly to a reference genome belonging to Glaciecola amylolytica (Figure 

1-5). Significant differential abundances between IM-5 and SM-5 (Figure 1-S2F) were among less 

abundant ASVs or among ASVs placed to the same reference genome (Table 1-S2).  

 

Differential abundances within eukaryotic taxa 

 Several 18S phylotypes yielded differential abundances between melting methods, with a 

large proportion of those more abundant in the buffered melts (SM or IM) belonging to classes 

within the division Cercozoa (i.e., Filosa-Imbricatea, Filosa-Thecofilosea, Filosa-Sarcomonadea, 

and Filosa-Granofilosea; Figure 1-S3). A total of 24 eukaryotic ASVs were identified as 

significantly differentially abundant when comparing the SM and DM methods, with 14 being 

more abundant in DM samples (36% Bacillariophyta, 36% Dinophyceae, and 28% other) and 10 

more abundant in SM samples (50% Cercozoa, 30% Bacillariophyta, 20% other; Figure 1-S3A–

C). When comparing IM and SM methods, 39 eukaryotic ASVs were identified as significantly 

differentially abundant, with 16 being more abundant in IM samples (varying classes) and 23 more 

abundant in SM samples (34% Bacillariophyta, 22% Cercozoa, 17% other; Figure 1-S3D–F). 

When comparing IM and DM methods, 80 eukaryotic ASVs were identified as significantly 

differentially abundant, with 38 more abundant in IM samples (13% Cercozoa, and other varying 

taxa) and 21 more abundant in DM samples (38% Dinophyceae, 33% Bacillariophyta, and 28% 

other; Figure 1-S3G–I).  

 When considering all ice horizon and melting method comparisons (again removing 

duplicates), a total of 81 unique 18S ASVs were significantly differentially abundant (Table 1-S3). 

Figure 1-6 presents the 50 most abundant of these significant eukaryotic ASVs across all samples.  
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Figure 1-6. Significantly differentially abundant eukaryotic amplicon sequence variants 

(ASVs) between melting method within each ice horizon. 

Relative 18S ASV abundances were scaled using a z-score between 0 and 1. Bray-Curtis 

dissimilarity distances were used to cluster taxa. Columns (samples) are colored by ice horizon 

and melting method. The 50 most abundant significantly (p < 0.1) differentially abundant ASVs 

from each comparison are shown with duplicate ASVs (significant in more than one comparison) 

shown only once. The paprica taxonomic ID (closest relative among RefSeq or PR2 genomes) and 

placement proportion were used to identify each unique ASV (Bowman and Ducklow, 2015). 

Heatmaps were generated using R package pheatmap (Kolde, 2019). 

 

A relatively large proportion of these ASVs placed to reference genomes that belonged to the 

division Cercozoa (i.e., Protaspa-lineage sp., Novel clade-2 X sp., CCW10-lineage X sp., 

Spongomonas minima, Marimonadida XX sp, Cryothecomonas sp., Cercomonas sp., Amphiprora 

paludosa, Trinematidae, and Capsellina sp.). However, distinctions were more pronounced among 



26 

ice horizons than melting methods, with subsets of ASVs relatively more abundant in the 0–10 cm 

or 30–50 cm horizon and some shared ASVs of both in the 10–30 cm horizon (Figure 1-6). 

 

Discussion    

Our results agree with previous studies that sea ice melting methodology has an impact on 

resulting microbial parameters (Garrison and Buck 1986; Mikkelsen and Witkowski 2010; 

Roukaerts et al. 2019; Campbell et al. 2019). They advance understanding of this impact by 

providing new insights into the effects of melting on bacterial and eukaryotic community structure 

at the 16S and 18S rRNA gene level.  

Impacts of melting method were greatest on measurements of cell abundance and 

chlorophyll a content, where the SM method resulted in significantly higher TC and AF cell 

abundances (upper ice only) and chlorophyll a concentration (all ice horizons) than either the IM 

or DM methods (Figure 1-3). Significant patterns were consistent between the AF and TC 

abundance measurements at 30–50 cm, indicating that the SM method buffers equally well for 

both the photosynthetic and non-photosynthetic communities. However, the photosynthetic 

community (Figure 1-3B) may be somewhat less sensitive to osmotic stress than the broader 

microbial community closer to the ice-water interface (SM-5 samples not visually higher and SM-

20 samples not significantly higher as observed for TC abundances in Figure 1-3A). When taken 

together, the greater cell and chlorophyll retention in the SM method of our study agrees well with 

the results of Campbell et al. (2019), who found that large volume dilutions (8:1 filtered seawater 

to ice) resulted in highest values of photosynthetic parameters and production in bottom first year 

sea ice. Both our study and that by Campbell et al. (2019) were based on sea ice collected during 

Arctic spring and indicate that large volume dilutions with buffers at or close to seawater salinities 

(29–35 ppt) result in “best” results for the parameters measured. Additionally, because our study 
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used a sterile NaCl solution as opposed to filtered natural seawater, this conclusion is reached 

without the potential bias that a natural seawater buffer might bring with its addition of dissolved 

organic carbon and nutrients to the sample.  

However, a wintertime study that included measurements of bacterial abundance in land-

fast first year sea ice at a site similar to ours (near Utquiaġvik, AK) yielded somewhat contrasting 

results. Ewert et al. (2013) found that direct melts resulted in significant (55%) cell loss only in 

the uppermost 3 cm of this colder ice (approximately –12°C). While their results agree with ours 

that sea ice communities living closer to the ice-seawater interface appear to be less prone to cell 

loss, they observed higher bacterial abundances in this upper ice using a near isohaline buffer 

method, melting the samples with brine salinities of approximately 160 ppt to a meltwater salinity 

of 100 ppt (Ewert et al. 2013). In our study, the IM buffer method did not result in significantly 

higher cell counts for any ice horizon (Figure 1-3A), including the coldest upper ice we collected 

(–5.6°C), and the SM buffer treatment outperformed both IM and DM methods for cell retention 

in this upper sea ice (Figure 1-3A and B). This performance likely stems from the season and 

associated differences in the in situ ice conditions.  

Our samples were collected during a relatively warm period when the air temperature at 

the time of sampling (−11ºC) was above the average April high (−13ºC) according to the US 

Climate database. The underlying seawater temperature was not assessed here, but the ice 

temperatures for all cores were near or above −5ºC. Constrained by a two-phase equilibrium, the 

dominant processes responsible for brine channel formation are heat and mass transport (Worster 

and Wettlaufer, 1997), and some brine loss or ice-ocean exchange may have been occurring, as 

previously observed during this season (Niedrauer and Martin 1979; Buck et al. 1998; Morawetz 

et al. 2017). If so, the high eukaryotic diversity seen in the 10–30 cm ice horizon could be from 
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infiltration or cell movement, preventing the dominance of a single species (Stoecker et al. 1992; 

van Leeuwe et al. 2018). This potential seawater infiltration, in addition to the relatively large size 

(10–20 cm length) and warm temperatures (Table 1-S1) of our core sections, could potentially 

explain the outperformance of the larger volume SM method for our samples. The IM method may 

have been more osmotically stressful than helpful due to inadequate buffering by the low volumes 

of hypersaline brine required to match the salinity conditions within our sampled ice. Either way, 

considering the in situ ice conditions during sampling and the total ice volume of subsamples is 

important when considering the melting method to apply (Miller et al. 2015).  

In addition to total cell abundances and photophysiology, our results suggest that melting 

method coupled to differential osmotic cell lysis has the potential to impact estimates of bacterial 

community structure from 16S rRNA gene sequencing. With several taxa significantly more 

abundant in the buffered SM and IM methods than the unbuffered DM method, where only a few 

taxa are significantly more abundant in comparison to the buffered methods, our analyses indicate 

that buffered melts retain a broader spectrum of the bacterial community. However, unlike cell 

count and chlorophyll a concentration, neither buffered method (SM or IM) appears particularly 

better than the other at ASV retention for our sample set. Differences in ASV read count between 

the IM and SM comparisons were less striking than the differences between the IM and DM or 

SM and DM comparisons (Figure 1-5), which accounted for many of the ASVs that were 

significantly differentially abundant across multiple comparisons (Table 1-S2). While direct 

measurements of alpha diversity were only significantly impacted in the 10–30 cm layer (Figure 

1-3E), dispersion among groups for all samples was significantly different between melting 

methods (Table 1-4), indicating the potential for community bias throughout the ice column. 

Indeed, the DeSeq2 analysis resulted in more ASVs that were differentially abundant in the 0–10 
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cm core section than in the upper ice sections for each melt treatment comparison (Figure 1-S2). 

This finding contrasts with our cell abundance results, indicating that, while cell loss is reduced at 

the ice-seawater interface, either the larger community size or stronger seawater influence results 

in a community subset that is less well adapted to osmotic stress and therefore significantly less 

abundant using the DM method. This variability in bacterial community structure across melt 

treatments indicates that cell losses between buffered and unbuffered methods can result in biased 

abundances of specific subsets of the bacterial community. 

Most of the 110 significant ASVs (Table 1-S2) were identified as belonging to classes that 

comprise the bulk of the community found in our samples (Figure 1-4A) and commonly found in 

sea ice environments, such as Alpha- and Gammaproteobacteria and members of the Bacteroidetes 

(Boetius et al. 2015). This finding reduces concern that any differential abundances in phylotype 

were caused by a potential contamination of the sterile NaCl solution during transit to the field. 

Although the taxonomic classifications used in this study are not exact and merely represent the 

closest phylogenetic neighbor based on complete genomes in reference databases, they provide 

insight into the ecological functions that may be affected by preferential cell lysis due to melting 

method. Many of the ASVs significantly more abundant in either the IM or SM methods were 

identified by paprica as members of the ubiquitous Pelagibacterales order (i.e., Candidatus 

Pelagibacter), known for genomic streamlining and their ability to survive across low nutrient 

regimes (Giovannoni et al., 2005), or members of the diverse phylum Bacteroidetes associated 

with processing complex organic compounds and byproducts of primary production (e.g., 

Flavobacteriaceae such as Owenweeksia hongkongensis DSM 17368 or Cryomorphaceae such as 

Fluviicola taffensis DSM 16823; Hahnke et al., 2016;Figure 1-5). Why these specific subsets of 

the microbial community may have been particularly affected by buffering method is unclear, but 



30 

in studies based on direct melting, the biased removal of such cells from bacterial community 

structure may have ramifications for various ecological measurements (carbon or nutrient 

turnover, etc.) and interpretations when comparing bacterial community composition across 

different sea ice environments. Other ASVs, identified by paprica as belonging to Glaciecola 

amylolytica of the Gammaproteobacteria, were significantly more abundant in the DM samples 

(Figure 1-5). Originally isolated from Antarctic sea ice (Bowman et al., 1998), Glaciecola is an 

aerobic, halophilic genus since found in many marine environments (Xiao et al. 2019); perhaps its 

sea ice members are more suited to surviving the osmotic stress associated with steep salinity 

shifts.  

Contrary to previous studies (Garrison and Buck 1986; Mikkelsen and Witkowski 2010), 

the melting methods we tested did not appear to bias eukaryotic microbial community structure, 

as dispersion among groups in our 18S ASVs did not differ significantly among the methods. 

Nevertheless, the results from our DeSeq2 analysis showed a total of 81 unique ASVs as 

significantly differentially abundant between melting methods (Table 1-S3). In all but the IM–SM 

melt comparison, the highest number of differentially abundant ASVs were again found in the 0–

10 cm core section at the ice-seawater interface (Figure 1-S3). The IM–DM comparison resulted 

in the greatest number of significantly differential ASVs, but many of these were shared with the 

SM–DM comparison (Table 1-S3). While the taxonomic spread of significant ASVs was generally 

representative of the total community composition (Figure 1-4), one trend was that members of 

the division Cercozoa, small single-celled protozoan eukaryotes, were more likely to be 

significantly higher in abundance in the buffered melts than the direct melt. This enrichment could, 

again, be due to the ice conditions at time of sampling, as well as potentially analysis technique. 

The relative abundance of protozoa in Arctic sea ice, such as Cercozoa species, is highest in early 
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Spring (van Leeuwe et al. 2018). As melt begins, the diatom community at the ice-seawater 

interface is the first to “slough off”, while flagellate species endure longer in bottom sea ice 

communities  (Tamelander et al. 2009; Torstensson et al. 2015; van Leeuwe et al. 2018). Previous 

melt studies have used microscopic analyses to conduct taxonomic assignment and define biases 

among osmotic buffers and direct melt methods, yet numbers of heterotrophic protozoa are often 

underestimated in field microscopic analyses because they lack chlorophyll and are small (van 

Leeuwe et al. 2018). By taking a sequencing approach, the inclusion of more of these protists may 

have complicated the trends seen in previous studies.  

Across all analyses, mechanically shaving the sea ice before melting it had no direct 

impact on our downstream measurements. However, this procedure added to the overall sample 

processing time at room temperature, increasing the potential for brine loss prior to melting. 

While ice-shaving did shorten melting time by a few hours for the buffered melts (shaved DM 

samples melted more slowly due to snow-like insulation), our core sections were large enough 

that the degree of difference was smaller than previously determined using thinner ice sections 

(Campbell et al. 2019).  

  

Conclusions  

 Based on these results, we conclude that variations in melting methods for sea ice have a 

significant impact on resulting measurements of bacterial and eukaryotic community structure, 

while first shaving the ice does not. The degree of bias by melting method depends on the type of 

measurement pursued and depth horizon of the ice. For spring-time collections of coastal first year 

sea ice, our results suggest that large (equivalent) volume dilutions with buffers at or near local 

seawater salinity best minimize osmotic stress and retain the most cell material. However, use of 

either of the osmotic NaCl buffers we tested — isohaline or seawater salinity — would be 
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sufficient to reduce biased taxonomic representation in microbial community composition relative 

to directly melted ice. While cell abundance varied across melting method most strongly in the 

upper ice (10–30 cm and 30–50 cm core sections), the potential for community level bias at the 

ice-seawater interface (0–10 cm core section) appears to be higher, particularly for subsets of the 

bacterial community within the Proteobacteria and Bacteroidetes taxonomic groups. Eukaryotic 

community level biases among the melting methods were less apparent using our sequencing 

approach than in previously reported microscope-based work. Ultimately, these results confirm 

that the “best” melt procedure should be chosen based on research goals, sea ice sampling 

conditions and final analysis techniques. Repeating similar experiments across varying ice types, 

seasons, and microbial community compositions would help to identify more conditions in which 

current methodological practices bias measurements in sea ice and potentially the ensuing 

biogeochemical and ecological interpretations of this important changing polar habitat.    
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Supplemental Material 

 

Supplemental Figure 1-S1. Impacts of melting method and ice shaving on total microbial 

community structure. 

Individual samples presented in the first two dimensions of a non-metric multi-dimensional scaling 

(NMDS) ordination created from (A) bacterial (16S) ASV read counts normalized to cell count 

and (B) eukaryotic (18S) ASV relative abundances. Samples are distinguished by melt method 

(color) and whether or not they were shaved prior to melt (shape).  
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Supplemental Figure 1-S2. Ratio intensity plots of differentially abundant bacterial ASVs 

between melt method and ice horizon. 

The log2-fold change in 16S amplicon sequence variant (ASV) read counts normalized to total 

cell count between (A) DM-40 and SM-40, (B) DM-20 and SM-20, (C) DM-5 and SM-5, (D) IM-

40 and SM-40, (E) IM-20 and SM-20, (F) IM-5 and SM-5, (G) IM-40 and DM-40, (H) IM-20 and 

DM-20, and (I) IM-5 and DM-5. The labeling system includes melt method (SM for seawater melt, 

IM for isohaline melt, and DM for direct melt) and ice horizon (5, 20, and 40 for 0–10 cm, 10–30 

cm, and 30–50 cm, respectively). When comparing two melt methods, a positive log2-fold change 

represents higher abundance in the first method listed and a negative log2-fold change indicates 

higher abundance in the second method. Significantly differential abundances (p < 0.1) are 

displayed in color by taxonomic class.  
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Supplemental Figure 1-S3. Ratio intensity plots of differentially abundant eukaryotic ASVs 

between melt method and ice horizon.  

The log2-fold change in relative 18S amplicon sequence variant (ASV) read counts between (A) 

DM-40 and SM-40, (B) DM-20 and SM-20, (C) DM-5 and SM-5, (D) IM-40 and SM-40, (E) IM-

20 and SM-20, (F) IM-5 and SM-5, (G) IM-40 and DM-40, (H) IM-20 and DM-20, and (I) IM-5 

and DM-5. The labeling system includes melt method (SM for seawater melt, IM for isohaline 

melt, and DM for direct melt) and ice horizon (5, 20, and 40 for 0–10 cm, 10–30 cm, and 30–50 

cm, respectively). When comparing two melt methods, a positive log2-fold change represents a 

higher abundance in the first method listed and a negative log2-fold change indicates a higher 

abundance in the second method. Significantly differential abundances (p < 0.1) are displayed in 

color by taxonomic class.  
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Supplemental Table 1-S1. Final dilutions for isohaline melt treatments.  

Core and 

section 

Ice 

temperaturea 

(ºC) 

Internal 

brine salinity   

(ppt) 

Bulk ice 

salinity 

(ppt) 

Volume sterile 

NaCl solution 

added (L) 

Approximate 

total melt 

volume (L) 

Dilution 

factor 

13, 0-10 cm −2.3  43 8.0 0.088 0.62 1.2 

13, 10-30 cm −3.7  67 6.5 0.34 1.4 1.3 

13, 30-50 cm −5.6  95 5.0  0.56 1.5 1.6 

14, 0-10 cm −2.3 43 8.0 0.077 0.54 1.2 

14, 10-30 cm −3.7 67 6.5 0.34 1.4 1.3 

14, 30-50 cm −5.6 95 5.0 0.59 1.6 1.6 

15, 0-10 cm −2.3 43 8.0 0.084 0.59 1.2 

15, 10-30 cm −3.7 67 6.5 0.33 1.3 1.3 

15, 30-50 cm −5.6 95 5.0 0.58 1.58 1.6 

16, 0-10 cm −2.3 43 8.0 0.086 0.58 1.2 

16, 10-30 cm −3.7 67 6.5 0.33 1.3 1.3 

16, 30-50 cm −5.6 95 5.0 0.58 1.6 1.6 

17, 0-10 cm −2.3 43 8.0 0.08 0.56 1.2 

17, 10-30 cm −3.7 67 6.5 0.32 1.3 1.3 

17, 30-50 cm −5.6 95 5.0 0.57 1.5 1.6 

18, 0-10 cm −2.3 43 8.0 0.086 0.60 1.2 

18, 10-30 cm −3.7 67 6.5 0.33 1.3 1.3 

18, 30-50 cm −5.6 95 5.0 0.59 1.6 1.6 
aTemperatures calculated for the midpoint of each core section (5 cm, 20 cm, and 40 cm) using a 

linear model where the ice-water interface (0 cm) is −1.8ºC and the top of the ice core (68 cm) is 

−8.2ºC (measured value).  

 

 

 

Supplemental Table 1-S2. Phylogenetic placement of significantly differentially abundant 

bacterial amplicon sequence variants (ASVs) between melt method comparisons.  

Available online:  

Supplemental File 1-S1.  Chamberlain_Table_1-S2_16S_deseq_results.xlsx 

The first four columns represent taxonomic identification of each significant ASV and the next six 

columns display the results from the DeSeq2 analysis (Love et al., 2014), including the log2-fold 

change and significant (p < 0.1) adjusted p-values between the seawater melt (SM), direct melt 

(DM), and isohaline melt (IM) comparisons. When comparing two melt methods, a positive log2-

fold change represents a higher abundance in the first method listed and a negative log2-fold 

change indicates a higher abundance in the second method.  
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Supplemental Table 1-S3. Phylogenetic placement of significantly differentially abundant 

eukaryotic amplicon sequence variants (ASVs) between melt method comparisons.  

Available online:  

Supplemental File 1-S2. Chamberlain_Table_1-S3_18S_deseq_results.xlsx 

The first four columns represent taxonomic identification of each significant ASV and the next six 

columns display the results from the DeSeq2 analysis (Love et al., 2014), including the log2-fold 

change and significant (p < 0.1) adjusted p-values between the seawater melt (SM), direct melt 

(DM), and isohaline melt (IM) comparisons. When comparing two melt methods, a positive log2-

fold change represents a higher abundance in the first method listed and a negative log2-fold 

change indicates a higher abundance in the second method. 
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CHAPTER 2 – Microbial predictors of net heterotrophic conditions in the pelagic Arctic Ocean 

 

Abstract 

Microbial diversity and metabolic activity influence rates of net community production 

(NCP), exerting a direct biological control on marine inorganic and organic carbon fluxes. It is 

important to understand and quantify the controls on NCP as ecological and oceanographic 

conditions shift due to changing climate. The 2019–2020 MOSAiC International Arctic Drift 

Expedition provided a unique opportunity to collect paired observations of microbial diversity and 

metabolic activity across a seasonally and spatially variable transect of the Arctic Ocean. 

Community structure was determined using 16S (prokaryotic) and 18S (eukaryotic) rRNA gene 

amplicon sequencing and metabolic activity was derived using biological oxygen utilization. We 

then applied predictive machine learning algorithms to disentangle seasonal and spatial patterns in 

taxonomic and metabolic turnover, extract key microbial predictors, and extend estimates of 

biological oxygen utilization. We found the water column to be net heterotrophic (minimum: 

−24.4%, median: −6.0% saturation), except for periodic surface oxygen supersaturation 

(maximum: 9.8%) within the mixed layer. Using Self Organizing Maps, we identified clear 

successional patterns in microbial community structure, which were seasonally driven in the upper 

ocean and uniform at depth. A Random Forest regression model, using DNA sequence data as 

predictor variables, was used to reliably reconstruct biological oxygen concentrations (RMSE = 

5.32 µmol kg–1) and identified heterotrophic taxa as key predictors. Ultimately, this work shows 

linkages between microbial diversity and upper Arctic Ocean oxygen turnover and highlights 

diagnostic tools to expand biogeochemical datasets and improve models of net productivity and 

carbon flux in a changing Arctic. 
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Introduction 

Net community production (NCP), or the metabolic balance between carbon fixation by 

photosynthetic autotrophs and aerobic respiration by heterotrophs, imposes a biological control on 

the ocean carbon sink (Volk and Hoffert 1985; Izett et al. 2021). The Arctic Ocean is considered 

a net carbon sink: abiotically, through low surface seawater temperatures enhancing CO2 solubility 

and through the sea ice carbon pump (Rysgaard et al. 2007), and biotically, due to high levels of 

net primary production (NPP) along coastal shelves (MacGilchrist et al. 2014). However, 

published estimates of surface Arctic Ocean NCP are relatively low with temporal and spatial 

variability (Ulfsbo et al. 2014; Eveleth et al. 2014; Schanke et al. 2021; Izett et al. 2021). 

Understanding how the complex physical and biological controls on NCP interact and shift under 

changing Arctic conditions, such as ocean warming and sea ice decline (Meredith et al. 2019), is 

critical for predicting the future of the Arctic Ocean carbon sink.  

Microbial community structure exerts a strong control on NCP (Guidi et al. 2016; Wang et 

al. 2018) and thus a biological control on carbon sequestration. Previous studies have found that 

observations of microbial community structure can be utilized to estimate metabolic rates, predict 

key transitions in ecosystem state, and better understand the biological mechanisms underlying 

variability in observed biogeochemical processes (Bowman et al. 2017; Wilson et al. 2021; Erazo 

et al. 2021; Dutta et al. 2022). For NCP in polar regions specifically, relationships with taxonomic 

diversity and shifting community composition have been observed (Campbell et al. 2022a), with 

some eukaryotic community members acting as viable predictors of measured rates (Lin et al. 

2017, 2021). However, prokaryotic predictors of NCP have been less well studied despite their 

critical role in global respiration (Worden et al. 2015; Kim et al. 2023) and tested predictive 

capacity for other ecological processes (Bowman et al. 2017; Dutta et al. 2022).  
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Machine learning tools allow us to extract clear patterns and predictive relationships 

between biogeochemical processes and diversity data (Qu et al. 2019; Bowman 2021). In recent 

years an increasing number of studies have leveraged machine learning algorithms when analyzing 

community structure data for such purposes, with great progress in predicting functional 

information from the community structure alone (Thompson et al. 2019; Dutta et al. 2022; 

Ramoneda et al. 2023). To train such models, large, paired datasets of both the taxonomic makeup 

of the microbial community and the biogeochemical parameter of interest are required. The 2019–

2020 Multidisciplinary drifting Observatory for the Study of Arctic Climate Expedition 

(MOSAiC; Shupe and Rex 2022) provided a novel opportunity to collect paired measurements of 

both community structure and net productivity estimates across seasonal cycles in an under-

sampled region of the central Arctic Ocean. This year-long drift experiment was designed to carry 

out a comprehensive cross-disciplinary and process-level study of the interconnected central Arctic 

ocean-ice-atmosphere climate system. In support of this goal, we collected a paired time series of 

upper ocean microbial community structure, as determined by 16S (bacteria and archaea) and 18S 

(eukaryotes) rRNA gene amplicon sequencing, and ‘biological oxygen anomaly’ spanning March–

September of 2020. The relative ratio of biologically derived ‘anomaly’ oxygen (O2) and 

biologically inert argon (Ar) in the surface ocean (O2/Ar) can be used as a signal of biological 

activity reflecting the net metabolic balance between photosynthesis and respiration, i.e., the net 

trophic state controlling NCP (Eveleth et al. 2014). 

In this study, we investigate the role and predictive capacity of microbial community 

structure on biological oxygen anomaly (as a proxy of NCP; Seguro et al. 2023) across both 

seasonal and spatial gradients within the central Arctic. Leveraging the wealth of co-located 

community structure and biogeochemical measurements collected during 2019–2020 MOSAiC 
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year, we first examined the seasonal and spatial variability of net metabolic shifts in biological 

oxygen anomaly and microbial community structure. Using Self Organizing Maps (SOMs; 

Wehrens and Kruisselbrink 2018), we segmented the prokaryotic (bacteria and archaea) and 

eukaryotic (phytoplankton and heterotrophic eukaryotes) community structure into coherent 

community-types, comparing their various genetic characteristics and potential environmental 

shaping. We then identified key predictors and biological drivers of biological oxygen anomaly 

during MOSAiC through the construction of Random Forest (RF) regression models (Breiman 

2001), attempting both sequencing data and environmental parameters as input.  

 

Materials and Methods 

Oceanographic data collection – MOSAiC Expedition 

Beginning in September 2019, the German icebreaker RV Polarstern (Knust 2017) 

traveled to the Amundsen Basin, where it was tethered to a multi-year ice floe and an ice camp 

was established to conduct research while passively drifting with the Transpolar Drift (4 October 

2019–31 July 2020; Figure 2-1). A break in this drift occurred when the Polarstern was required 

to temporarily leave, then re-establish, the ice camp during resupply (27 May–15 June 2020). 

Then, on July 31st, Polarstern reached the marginal ice zone and the original ice floe broke apart. 

Polarstern then relocated further north, and a second ice camp was established to continue 

observations for the remainder of the MOSAiC time series (21 August 2020–20 September 2020). 

During the MOSAiC Drift, partner vessels supported re-supply and personnel transfers in five 

coherent “legs” of the expedition (Shupe et al. 2020). There are two gaps in the data presented 

here, one leg where no project personnel were onboard from December 2019–March 2020 and 

another during the May–June 2020 resupply.   

Ecological and biogeochemical data used in this study were collected from either 

Polarstern’s underway seawater system (inlet at 11 m depth) or from Niskin bottles attached to a 
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CTD rosette (Figure 2-1). Between March–May 2020, 1000-m deep 12-bottle CTD rosette casts 

were operated using a mobile winch system at “Ocean City”, a dedicated oceanographic sampling 

ice-hole approximately 300 m away from Polarstern within the ice camp’s central observatory. 

Between November–December 2019 and between June–September 2020, full water column 24-

bottle CTD rosette casts were operated using the ship’s winch from an ice-hole next to Polarstern 

(Rabe et al. 2022). Both the Ocean City and Polarstern CTDs were equipped with sensors for 

measuring pressure, temperature, conductivity, and total dissolved oxygen (Tippenhauer et al. 

2023a; b). Temperature and salinity from the duct keel intake (11 m) were collected by the remote 

temperature sensor SBE38 integrated with the SBE21 Thermosalinograph (Seabird) system 

installed on Polarstern (Haas et al. 2021; Kanzow et al. 2021; Rex et al. 2021a; b; c). Full details 

of physical oceanographic sampling procedures can be found in Rabe et al. (2022). Calculated 

oceanographic parameters (Schulz et al. 2023) used in this study, such as mixed layer depth and 

water mass influence are described further in Schulz et al. (unpubl.). A total of 360 of the water 

column (CTD rosette or underway system) observations for microbial community structure were 

sampled at the same time as water column chlorophyll a (Chl-a) concentration (Hoppe et al. 2023a; 

b). Further sampling details of water column ecological properties during MOSAiC can be found 

in the MOSAiC ECO Team Overview Publication (Fong et al. unpubl.). 

 

Microbial community structure and segmentation 

A total of 693 seawater samples (approximately 0.5–1 L) were collected in acid-cleaned 

and thrice sample-rinsed 1L HDPE plastic bottles once daily from 11 m depth using the ship’s 

underway system and on an approximately weekly basis throughout the water column from Niskin 

bottles attached to the CTD rosette. Collected samples were filtered immediately or kept dark at  
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Figure 2-1. Sampling Locations.  

Geographic location of daily underway (UW) sample collections (cyan) and CTD stations (navy) 

during the MOSAiC Drift. Samples collected during active transit marked in red. Map created 

using Ocean Data View version 5.6.3 (Schlitzer and Reiner 2022) and IBCAO bathymetry data 

version 3 (Jakobsson et al. 2020). 

 

0ºC until filtered (within 4 hr) through a sterile 0.2 µm Supor membrane disc filter (Pall 

Corporation) using a vacuum filtration manifold. The manifold was flushed with MilliQ and 

ethanol sterilized before, in between, and after samples. Filters were stored at −80ºC onboard 

Polarstern until the end of the expedition when they were shipped to Scripps Institution of 

Oceanography on dry ice and archived at −80ºC.  
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A KingFisherTM Flex Purification system and MagMax Microbiome Ultra Nucleic Acid 

Extraction kit (ThermoFisher Scientific) were used for extractions. Extracted material was then 

sent to Argonne National Laboratory where amplicon library preparation and sequencing were 

conducted on the Illumina Miseq platform using a 2 x 151 bp library architecture. rRNA gene 

amplification was conducted using universal primers 515F and 806R (16S, V4; Walters et al., 

2016) and 1380F and 1510R (18S, V9; Amaral-Zettler et al., 2009). The R package dada2 

(Callahan et al. 2016) was used to denoise and merge Illumina reads prior to taxonomic 

classification using PAthway PRediction by phylogenetIC placement (paprica v0.7.0; Bowman 

and Ducklow 2015; Erazo et al. 2021).  

Full details on taxonomic assignment and QC can be found in Text 2-S1. Briefly, the 

paprica pipeline was used to assign individual amplicon sequence variants (ASVs) to its closest 

relative among completed genomes in either the Genbank RefSeq (16S; Haft et al. 2018) or PR2 

(18S; v4.13.0 Guillou et al. 2013) reference databases (which does not necessarily indicate the 

presence of that exact strain, but a similar organism). For bacteria and archaea, paprica also uses 

the point of placement in the reference tree to estimate genomic characteristics such as genome 

size and 16S rRNA gene copy number (Erazo et al. 2021), as well as theoretical growth rate using 

the gRodon package (Weissman et al. 2021). Growth rate estimates from codon usage do not 

reflect temperature conditions and therefore represent theoretical maximums only used to compare 

between samples and not as in situ rates. Final read counts for 16S ASVs were normalized to 

estimated 16S rRNA gene copy number before calculations of relative abundance.  

 SOMs were run using the 'kohonen' package to reduce dimensionality within the sequence 

dataset (Wehrens and Kruisselbrink 2018). Following the techniques outlined in Bowman et al. 

(2017) and Wilson et al. (2021), the Hellinger transformed relative abundance matrices of 16S and 
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18S ASVs were independently segmented into coherent sample types, here termed “mode.” SOM 

training was conducted on a 6 x 6 toroidal grid with hexagonal map units. The grid size was 

selected based on the distribution of samples assigned to each map unit in grids up to 10 x 10. 

Segmentation was achieved through K-means clustering, with a final k selected based on a within-

clusters sum of squares scree plot and experimental variation around the perceived optimum, or 

‘elbow’, to account for reasonable distribution within the map grid. Results from SOM 

segmentation were additionally compared to results of a non-metric multidimensional scaling 

(NMDS) ordination; run based on the Bray-Curtis dissimilarity matrix (Bray and Curtis 1957) of 

Hellinger transformed 16S or 18S ASV relative abundances (vegan package; Oksanen et al. 2015). 

A permutational analysis of variance (PERMANOVA, 999 permutations) was then used to test 

whether there was a significant ( = 0.05) difference between modes (vegan package; Oksanen et 

al. 2015). Kruskal-Wallis with pair-wise Wilcoxon signed-rank tests were used to test for 

significant ( = 0.05) differences in environmental variables between modes (ggpubr package; 

Kassambra, 2023). Where relevant, the Holm-Bonferroni method was used to correct p-values for 

multiple comparisons (Holm 1979). All statistical analyses were conducted using R version 4.3.1 

(R Core Team 2023) within the R studio environment  (Posit team 2022). 

 

Total oxygen (O2) and biological oxygen saturation (O2/Ar) 

Biological oxygen saturation, as estimated from the ratio of O2 and Ar concentrations, was 

used as a qualitative indicator of recent metabolic activity and functional estimate of trends in NCP 

(Equation 1). This value was obtained following the methods and assumptions of Craig and 

Hayward (1987) where the ratio of physical O2 concentration to O2 at air-saturation equals the 

ratio of Ar concentration to Ar at air-saturation.  

Equation 1: ∆O2/Ar = [(
[𝑂2]𝑚𝑒𝑎𝑠/[𝐴𝑟]𝑚𝑒𝑎𝑠

[𝑂2]𝑠𝑎𝑡/[𝐴𝑟]𝑠𝑎𝑡
)] – 1 
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Dissolved O2 and Ar were analyzed on a Pfeiffer QMG 220 quadrupole membrane inlet 

mass spectrometer (MIMS) using a flow-through silicon capillary membrane inlet and equipped 

with a pulse tube cooler for water vapor removal. Underway seawater was measured continuously 

throughout the entirety of the MOSAiC Expedition, except during daily instrument calibrations 

(2-point; 0% and 21%/1%  O2/Ar gas) and bottle sampling events. Discrete seawater was collected 

from the water column in Milli-Q rinsed air-tight 300 mL Biological Oxygen Demand (BOD) 

bottles at the CTD rosette and were always paired with a measurement for microbial community 

structure (although not all microbial community structure samples have a paired gas 

measurement). To align continuous underway data with the discrete underway collections for 

microbial community structure, we calculated 4–6 hour averages centered on the recorded 

sampling time. Values were then smoothed using Loess local regression (R Core Team 2023) to 

reduce data noise. Missing values represent periods of the dataset where averaging encompassed 

periods of missing or poorly calibrated data. Expanded details regarding the MIMS system and 

bottle sampling at the rosette can be found in the Text 2-S2. 

Theoretical concentrations of O2 and Ar at air saturation ([O2]sat and [Ar]sat) were calculated 

using equilibration chamber temperature and salinity and the solubility equations from Garcia and 

Gordon (1992; 1993 – combined fit) and Hamme and Emerson (2004), respectively. Comparing 

[O2]sat and [Ar]sat to 21%/1% synthetic air standard calibrations (Text 2-S2), we translated the 

seawater spectrometer readings into total concentrations of [O2]meas and [Ar]meas in mol kg–1. 

Following the approach used in Eveleth et al. (2014), these values were then used to extract only 

the biological component of total oxygen concentration, [O2]bio in mol kg–1 (Equation 2).  

Equation 2: [O2]𝑏𝑖𝑜 =
[𝐴𝑟]𝑚𝑒𝑎𝑠

[𝐴𝑟]𝑠𝑎𝑡
[O2]𝑠𝑎𝑡(∆𝑂2/𝐴𝑟) 
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Seawater [O2]sat and [Ar]sat were calculated individually for each sample using in situ 

practical salinity and potential temperature (see section 2.1). Positive (or negative) values of [O2]bio 

represent a metabolic tracer for net oxygen production (or consumption), or net productivity (or 

heterotrophy, respectively). 

 

Random Forest regressions 

A RF regression model was used to extract the key microbial predictors of [O2]bio estimates 

(‘randomForest’ package; Liaw and Wiener, 2002). This supervised machine learning algorithm 

applies an ensemble learning approach where multiple, independent, and randomly constructed 

decision trees are run simultaneously. The final prediction represents the cumulative average 

prediction of all trees (Breiman 2001). We applied feature selection using the Boruta algorithm 

(Kursa and Rudnicki 2010) prior to model construction for select models. This iterative process 

identifies the predictor variables which will be statistically better for model performance than a 

randomized version of itself. Predictor variables were further evaluated following model 

construction by comparing the increase of model mean squared error (% IncMSE) which occurs 

when the variable is randomly permutated (Liaw and Wiener, 2002). A total of 8 RF models were 

built and tested using varying combinations of predictor variables (Table 2-S1) from the 217 

discrete water column samples collected from the CTD rosette which had paired measurements of 

community structure and [O2]bio. 70% of these samples (n = 149) were randomly chosen to train 

the RF models. The number of trees within the model was chosen based upon a plateau of the raw 

model mean standard error at 500 trees for all models. After validating the accuracy of our models 

using the remaining 30% (n = 68) of paired CTD community and [O2]bio samples, all samples were 

combined and used to train a comprehensive predictive RF model using the feature-selected 16S 

& 18S ASV relative abundances as predictor variables. Internal model accuracy for the final RF 
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model was conducted through a bootstrapped cross validation analysis where 10% of the data were 

randomly withheld for 999 iterations (‘rfUtilities’ package; 

https://github.com/jeffreyevans/rfUtilities). This model was then used to predict [O2]bio values for 

periods of the drift where non-paired measurements were collected, as well as the daily underway 

data collections to compare predicted results with the smoothed integrated average of the 

continuous underway [O2]bio measurements.   

 

Results 

Microbial community composition an SOM segmentation 

Denoising yielded a total of 5,266 16S and 17,357 18S ASVs across all samples. A total of 

328 of the 16S sequences were identified as suspected mitochondrial DNA and removed from 

downstream analysis. Additionally, 6.6% of the remaining 16S ASVs were identified as potential 

chloroplast sequences and 60.4% of 18S ASVs were assigned similar taxonomy to intracellular 

parasites and excluded from the SOM descriptions of community structure (Figure 2-S1). Overall, 

the prokaryotic community was dominated by Bacteria with only 5.8 % of the remaining 16S 

ASVs assigned to the domain Archaea.  

After removing suspect organelle and parasite sequences, we identified seven coherent 16S 

(Figure 2-2a) and six coherent 18S (Figure 2-3a) microbial modes occurring across the time series. 

This is confirmed by our NMDS ordination analysis, which showed that both the prokaryotic 

(Figure 2-2B) and eukaryotic (Figure 2-3B) modes are composed of a distinctive community 

structure, with very little overlap in the 2D ordination space. In both ordinations, distribution  
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Figure 2-2. SOM segmentation of the prokaryotic community.  

(a) The SOM grid (6 x 6) with individual samples (black dots) sorted into their respective map 

units. Arranged as a toroid, units on opposite sides of the 2-D grid connect. K-means clustering of 

map units vary by color and thick lines surrounding each prokaryotic mode (PM). (b) Individual 

samples presented in the first two dimensions of a non-metric multi-dimensional scaling (NMDS) 

ordination created from the Hellinger transformed relative abundances of 4613 16S ASVs (total 

community, not including suspected chloroplasts). Samples are colored by their assigned PM from 

(a), sized by collection depth in the water column, and shaped by collection date. (c) PM 

community structure as represented by the 10 most abundant ASVs averaged across all samples 

within each mode. Duplicate ASVs (within the top 10 most abundant of more than one PM) shown 

only once. Abundances were scaled using a z-score between 0-1. ASVs and columns (PMs) 

clustered using Bray-Curtis dissimilarity distances. Taxonomic IDs represent the closest relative 

among Refseq genomes and placement proportion. Columns are additionally colored by average 

paprica predicted minimum doubling time (in hours) and average genome size (in base pairs). 



50 

across the first two axes highlighted significant separation by time and depth within the water 

column (16S: r2 = 0.933 and 0.994 respectively, p = 0.001; 18S: r2 = 0.143 and 0.490 respectively, 

p = 0.001). The PERMANOVA on the resulting Bray-Curtis dissimilarity matrices confirmed that 

dispersion among groups was significantly different across modes for both the 16S (p = 0.001; 

F(6, 671) = 163.39) and 18S communities (p = 0.001; F(5 , 656) = 76.72).   

The 10 most abundant ASVs within each of the 7 prokaryotic modes (PMs) encompassed 

only 36 unique 16S ASVs, indicating some ASVs were in the top 10 most abundant of more than 

one mode. Here, we compare the average relative abundance (scaled 0–1) across all samples within 

each mode. Using Bray-Curtis dissimilarity distances, modes clustered into three distinctive  

community compositions (Figure 2-2c) across time and space (Figure 2-2b). Deep water samples 

clustered into either PM-2, sampled 100–4400 m, or PM-3, sampled 50–1000 m. These modes 

contained high abundances of ASVs identified to reference genomes of Archaea 

(Methanomassiliicoccales, Nitrosopumilacae sp.), Proteobacteria (Alpha: Magnetococcus 

marinus; Gamma: Candidatus thioglobus, Pelagibacterales sp.), and Acidobacteria (Luteitalea 

pratensis). Sampled above 200 m during spring and early summer, PM-5 and PM-7 also contained 

high abundances of ASVs identified reference genomes of Archaea (Nitrosopumilus oxyclinae), 

and Proteobacteria (Alpha: Magnetococcus marinus, Wolbachia; Gamma: Pelagibacterales sp.), 

as well as Glaciecola amylolytica. Late summer modes PM-4 and PM-6 and winter mod PM-1 

contained high abundances of ASVs identified to reference genomes of Flavobacteria 

(Owenweeksia hongkongensis, Polaribacter sp., Croceimicrobium hydrocarbonivorans, Kordia 

sp.), Proteobacteria (Alpha:  Ferrovibrio terrae, Sulfitobacter sp., Planktomarina temperate; 

Gamma: Candidatus Pelagibacter and Pseudothioglobus strains, Bermanella marisrubri, 

Spartinivicinus rube), and Actinomycetia strain Aquiluna borgnonia (Figure 2-2). Full community  
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composition of each mode at class level can be found in Supporting Information, Figure 2-S2. 

Estimated theoretical doubling times inferred from the paprica pipeline indicated faster doubling 

times for PM-6 and PM-1, and slower doubling times for PM-2 and PM-3. PM-6 also had the 

largest genome size, while PM-7 had the smallest (Figure 2-2c). A full summary of general 

prokaryotic mode characteristics can be found in Table 2-1. 

The 10 most abundant ASVs within each of the 6 eukaryotic modes (EMs) encompassed 

only 31 unique 18S ASVs (Figure 2-3c). However, those which clustered together (EM-4 and EM-

6; EM-3 and EM-5) had less similarity in high abundance taxa than the similarly clustered PMs.  

Winter mode EM-1 contained high abundances of ASVs assigned to reference genomes of marine 

stramenopiles (MAST sp.), dinoflagellates (Prorocentrum texanum, Karenia brevis), cercozoan 

(Spongomonas minma, Filosa-Imbricatea Novel-clade-2), and diatoms (Attheya septentrionalis, 

Chaetoceros sp., Fragilariopsis sublineata). EM-2 was assigned to samples from almost the 

entirety of the water column (from 50–4500 m) and contained high abundances of pico-eukaryote 

ASVs, including dinoflagellates (Syndiniales group, Herdmania litoralis, Protodinium simplex), 

Picozoa, and a Chaunacanthida species. Clustered surface water (2–152 m) modes EM-3 and EM-

5 had a similar community composition with high abundances of ASVs assigned to reference 

genomes of dinoflagellates (Gymnodinium litoralis, Karlodinium veneficum, Palatinus apiculatus, 

Pentapharsodinium tyrrhenicum). However, EM-3 also contained high abundance of ASVs 

assigned to Picozoa and radiolarian (RAD-B Group 1) genomes, while EM-5 was also enriched in 

diatom ASVs (Chaetoceros sp., Attheya septentrionalis). EM-4, sampled between 2 and 2643 m, 

also contained a mixed community with high abundances of ASVs assigned to diatoms 

(Thalassiosira tumida, Guinardia delicatula, Fragilariopsis sublineata, Chaetoceros sp.,), 

dinoflagellates (Gymnodiniaceae), and cercozoan (Filosa-Imbricatea Novel-clade-2) reference  
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Figure 2-3. SOM segmentation of the eukaryotic community. 

(a) The SOM grid (6 x 6) with samples (black dots) sorted into their respective map units. Arranged 

as a toroid, units on opposite sides of the 2-D grid connect. K-means clustering of map units vary 

by color and thick lines surrounding each eukaryotic mode (EM). (b) Individual samples presented 

in the first two dimensions of a non-metric multi-dimensional scaling (NMDS) ordination created 

from the Hellinger transformed relative abundances of 6870 18S ASVs (total community, not 

including suspected intracellular parasites). Samples are colored their assigned EM from (a), sized 

by collection depth in the water column, and shaped by collection date. (c) EM community 

structure as represented by the 10 most abundant ASVs averaged across all samples within each 

mode. Duplicate ASVs (within the top 10 most abundant of more than one EM) shown only once. 

Abundances were scaled using a z-score between 0-1 ASVs and columns (EMs) clustered using 

Bray-Curtis dissimilarity distances. Taxonomic IDs represent the closest relative among PR2 

genomes and placement proportion. Columns are additionally colored by average chlorophyll a 

(Chl-a) concentration for each EM. 
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genomes. Clustered with EM-4, EM-6 was only sampled between 2 and 100 m but contained high 

abundances of ASVs assigned to similar dinoflagellate (Gymnodiniaceae, Karlodinium veneficum, 

Prorocentrum texanum) and cercozoan (Filosa-Imbricatea Novel-clade-2) reference genomes as 

well as reference genomes of Micromonas polaris, Fragilariopsis sublineata, and an unidentified 

unique 18S sequence (Figure 2-3). Full community makeup of each mode can be found in Figure 

2-S3. Average Chl-a concentration was highest in EM-4 and lowest in EM-2 (Figure 2-3c). A full 

summary of general eukaryotic mode characteristics can be found in Table 2-1. 

 

Total and biological oxygen concentration 

Water column total dissolved oxygen concentrations [O2]tot as calculated from the discrete 

BOD bottle samples ranged between 190.54–470.23 µmol kg–1 and generally followed the pattern 

of [O2]tot measured by the CTD sensors  with an average deviation of −6.68  53 µmol kg–1) 

(Supporting Information Figure 2-S4). The ratio of [Ar]meas/[Ar]sat, representing physical 

transformations of O2 as used in Equation 2 (Eveleth et al. 2014), were close to the expected value 

of 1 (Cassar et al. 2011), with a mean and standard deviation of 1.08  0.16. Water column [O2]bio 

(including transit stations) ranged between –79.00 and 33.98 µmol kg–1. [O2]bio was generally near 

0 or negative, indicating oxygen consumption (net respiration) except in early spring and late 

summer where oxygen accumulation (net photosynthesis) was observed (Figure 2-4).  

Below 11 m, negative [O2]bio values indicated net heterotrophic conditions for most of the 

upper water column, with stronger undersaturation beneath the mixed layer (approx. 20 µmol kg–

1 additional consumption; Figure 2-5). Net heterotrophic conditions persisted across the entirety 

of the deeper water column (below 200 m) with the lowest [O2]bio values occurring in the deepest 

water of the Amundsen Basin (Figure 2-S5) or with shoaling near bathymetric features (Figure 2-

5). Surface values (11 m and above) from the CTD rosette and averaged values from the underway 
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system were similar to each other, following similar trends in time and space. Greater variability 

in magnitude was observed for the averaged underway values (Figure 2-4). Replicate BOD bottles 

indicated a measurement standard deviation of on average 3.25 µmol kg–1. 

 

Figure 2-4. Measurements of biological oxygen anomaly ([O2]bio) in mol kg–1 from the 

upper 11 m of the water column.  

Discrete measurements collected from the CTD rosette are shown in red, while continuous 

underway (UW) measurements integrated across the 4 hours closest to recorded sampling time for 

discrete community structure are shown in blue. The solid black line shows the Loess local 

regression of underway averages (UWLOESS).  

 

Seasonal and oceanographic context of the MOSAiC Drift 

Both magnitude of biological oxygen consumption and the transition between PMs and 

EMs corresponded with observed oceanographic conditions over the course of MOSAiC, 

especially vertical stratification within the water column (Figure 2-5). The Kruskal-Wallis test 

confirmed statistically significant variability in the average environmental and biogeochemical 

conditions of SOM segmented community modes (Figure 2-6). Many of the pair-wise comparisons 

(Wilcoxon signed-rank test) between the mean temperature, salinity, [O2]tot, and O2/Ar of each 

mode were significantly different as well, for both the prokaryotic (Table 2-S2) and eukaryotic 

(Table 2-S3) communities. Deep water modes EM-2, PM-2, and PM-3 persisted below the mixed 

layer over the entirety of MOSAiC and contained, on average, higher temperatures, higher 

salinities, and lower [O2]tot than all other modes (Figure 2-6). In the prokaryotic community, PM-
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3 had the highest mean salinity (Figure 2-6a) and its vertical stratification in the upper water 

column closely followed that of Atlantic influenced water (Figure 2-5a), indicating that the 

variation in deep water prokaryotic community structure was likely related to water mass 

influence.  

 

Figure 2-5. Time series of upper water column biological oxygen anomaly and taxonomic 

mode during the MOSAiC Drift track. 

Interpolated biological oxygen anomaly, [O2]bio (mol kg–1) with A) Prokaryotic Mode or B) 

Eukaryotic Mode along the upper 200 m of the MOSAiC Drift. Points representing individual 

collections for microbial community structure are colored by mode. Points encircled by white 

indicate no matching measurement of [O2]bio. to include in the linear interpolation. Large blocks of 

white indicate periods of no data. Transit stations during periods of ship relocation are not shown. 

Vertical blue lines represent geographic transitions across the Arctic Ocean basins and are 

indicated at the top of the chart. The solid black line represents mixed layer depth and the dark 

grey dashed grey line indicates the top end of Artic Atlantic Water mass influence (zero degree 

isotherm). 
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In spring (early March–May), the upper water column (above and below mixed layer) was uniform 

in community structure (EM-5 and PM-7) until an abrupt transition from EM-3 to EM-5 within 

the mixed layer in early March — coinciding both with the return of sunlight and when the 

MOSAiC floe drifted over the Gakkel Ridge, entering the more saline and less stratified Nansen 

Basin (Figure 2-5b). [O2]bio was mostly uniform above the mixed layer, hovering near or below 0, 

but spatially variable between casts (Figure 2-5). After crossing onto the Yermak Plateau, surface 

waters were undersaturated until late June during which a visible phytoplankton bloom caused 

local accumulation of [O2]bio near the surface (Figure 2-4). At this time, surface stratification 

increased to the point that was no defined mixed layer (Figure 2-5) and strong negative [O2]bio 

anomalies reached as shallow as 50 m depth, accompanied by shallow occurrences of deep-water 

modes EM-2 and PM-3 (Figure 2-4). At the surface (< 11 m), eukaryotic mode remained diatom 

dominant EM-4 until after reaching the Fram Strait in late July where it switched to the more pico-

eukaryote composed EM-6 for the duration of the drift, including relocation to the Amundsen 

Basin. Following relocation however, EM-3 was once again observed beneath the mixed layer as 

it was during the previous year. The surface prokaryotic community in the Amundsen Basin was 

variable during late August, where low average salinity PM-6 was observed (Figure 2-6), but 

eventually returned to observed fall communities of the previous year (Figure 2-5).  

Other primary seasonal and spatial occurrences of all modes are visualized in Figure 2-5 

and summarized in Table 2-1. Generally, however, surface communities (< 100 m) contained 

unique modes above and below the mixed layer (Figure 2-5). The degree of [O2]bio undersaturation 

in the water column was not always bound by the mixed layer, but tracked closely with microbial 

community structure, particularly in the surface (< 11 m; Figure 2-4). 
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Figure 2-6. Environmental attributes of each mode.  

Results of self-organizing map (SOM) segmentation for the prokaryotic and eukaryotic 

communities with each prokaryotic/eukaryotic mode (PM/EM) related to (a/b) temperature in ºC, 

(c/d) salinity in g kg–1, (e/f) total dissolved oxygen in µmol kg-1, and (g/h) O2/Ar ratios, where 

paired samples were available. In each boxplot, the horizontal line shows the median, the box 

spans the first quartile to the third quartile, the whiskers show the minimum/maximum, and the 

dots represent outliers. Significance values for each box plot represent a non-parametric Kruskal-

Wallis test.  
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Table 2-1. Summary characteristics for all prokaryotic (PM) and eukaryotic (EM) modes. 

Mode Seasonal/Spatial 

Dominance 

Estimated Mean (16S) Mean Chl-a 

(µg L–1) 

Primary 

Dates 

Observed 

Primary Depths 

Observed Genome size 

(106 bp) 

Doubling 

time (d–1) 

PM 1 Summer Bloom 3.13  0.28 5.68  0.53 0.78  0.40 Jul Surface (<50 m) 

PM 2 Deep Water 3.05  0.22 7.44  0.79 0.001  0.00 Year-round Deep (>500 m) 

PM 3 Atlantic Water 2.99  0.12 8.02  0.22 0.01  0.008 Year-round Mid (100–500 m) 

PM 4 Winter Surface 2.78  0.32 6.43  0.66 0.25  0.20 Sep–Dec Surface (<50 m) 

PM 5 Summer Surface 3.07  0.27 6.29  0.68 0.57  0.27  Jun–Jul Surface–Mid (<100 m) 

PM 6 Transpolar Drift1 3.43  0.33 4.66  0.71 0.37  0.15 Aug, Dec Surface (<50 m) 

PM 7 Winter-Spring 2.70  0.18 7.51  0.39 0.06  0.08 Feb–May Surface–Mid (<100 m) 

EM 1 Fall-Winter 2.71  0.30 6.78  0.72 0.11  0.15 Nov–Dec Surface (<50 m) 

EM 2 Deep Water 3.01  0.17 7.80  0.63 0.01  0.01 Year-round  Mid–Deep (>150 m) 

EM 3 Spring Dark 2.74  0.19 7.64  0.23 0.02  0.03 Sep–May Surface–Mid (<150 m) 

EM 4 Summer Bloom 3.22  0.29 5.75  0.97 0.73  0.39 Jun–Jul Surface (<50 m) 

EM 5 Spring Light 2.70  0.20 7.47  0.42 0.09  0.09 Apr–May Surface–Mid (<100 m) 

EM 6 Summer-Fall 2.88  0.31 6.16  0.69 0.36   0.18 Jul–Sep Surface (<50 m) 

1. Transpolar Drift here refers to the advective pathway of low salinity, river-rich surface water of Siberian origin 

 

Random Forest regressions 

  Out of the 8 RF models trained (Figure 2-S6), the one built using only feature-selected 

16S and 18S ASV relative abundances performed best on the validation data, explaining 69.31% 

of variance within the model and containing the smallest mean residuals (12.6; Table 2-S1). The 

model which statistically performed the least well was built using all 18S ASV relative 

abundances, but still explained 64.76% of model variance (Table 2-S1). Adding physical and 

chemical parameters to an ASV model did not increase model fidelity (Table 2-S1) and building 

models without using ASVs as predictors (Figures 2-S7g and 2-S7i) predicted undersaturation of 

up to 15 µmol kg-1 for net neutral or positive [O2]bio and had larger average residuals from the 1:1 

line (Table 2-S1).  

After combining all samples to train the comprehensive ASV-based RF model (Figure 2-

7), Boruta feature selection identified 179 ASVs as being statistically significant in making model 

predictions (Table 2-S4), which were then included as predictor variables in the final model. The 

cross-validation analysis of this model indicated a median % variance explained of 92.98, a median 
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average error of 3.42, a mean squared error of 33.94, and a median root mean squared error of 5.32 

— indicating a confidence in predictions of approximately  5 µmol kg–1 (Figure 2-7). When this 

model was applied to an external dataset, here, the LOESS smoothed underway averages of [O2]bio 

data, the model did not perform to this degree of prediction strength, with many values predicted 

to be 10–20 µmol kg–1 more undersaturated than the smoothed, measured values (Figure 2-7b). 

However, these predictions fell within the spread of values of the raw measured data (Figure 2-8).   

 
Figure 2-7. Final Random Forest (RF) model and validation of predictions for biological 

oxygen anomaly, [O2]bio in mol kg–1.  

(a) Comparison of predicted [O2]bio and measured [O2]bio values using a linear regression (p-value 

and r2 reported in the top left) from the RF training dataset comprised of all paired discrete water 

column  [O2]bio  measurements collected from the CTD rosette.  (b) Comparison of predicted and 

measured [O2]bio values using a linear regression (p-value and r2 reported in the top left) from a 

validation dataset comprised of LOESS smoothed underway [O2]bio measurements generated from 

4-hour averages around the sampling time of discrete underway community structure 

measurements. (c) Root Mean-Squared Error (RMSE), (d) Mean Squared Error (MSE), (e) % 

Variance Explained (% Var), and (f) Mean Average Error (MAE) from a cross-validation analysis 

of the RF model predicting 10% of randomly withheld training data across 1000 iterations. The 

median of each statistic is represented by a blue horizontal line. 
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Figure 2-8. Biological oxygen anomaly ([O2]bio) in mol kg–1 from the upper 11 m of the 

water column, measurements vs. Random Forest (RF) predictions.  

 (a) Discrete measurements (circles) and predictions (triangles, dashed) collected from the CTD 

rosette. (b) Continuous underway (UW) measurements integrated across the 4 hours closest to 

recorded sampling time for discrete community structure plotted in cyan, while the Loess local 

regression of underway averages (UWLOESS circles) and underway predictions (triangles, dashed) 

are shown in black.  

 

Values predicted from CTD community samples were closer to their measured counterparts 

and followed expected oceanographic trends such as Atlantic water influence and mixed layer 

depth during periods where there is no discrete water column data to compare to (Figure 2-9), 

effectively expanding this biogeochemical dataset.  
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Figure 2-9. Upper water column discrete biological oxygen anomaly ([O2]bio), measurements 

vs. Random Forest (RF) predictions.  

Multilevel B-spline approximation (Finley et al. 2022) interpolation of [O2]bio measurements in the 

upper 100 m of the water column. All measured samples (black) were collected from the CTD 

rosette and predictions (white) were carried out using microbial community structure data run 

through a RF model trained using 137 paired oxygen anomaly and community structure samples. 

Both an interpolation of only measured (a) and measured and predicted (b) oxygen anomaly data 

are shown. Vertical blue lines represent times of geographic transitions across the Arctic Ocean 

basins, indicated at the top of the chart. The black solid line represents mixed layer depth, the 

dashed black line indicates the top end of Atlantic influence determined by where temperature 

begins to increase with depth, and the dashed grey line indicates the upper end of the Artic Atlantic 

Water mass (zero-degree isotherm). 

 

 

 Out of the 217 ASVs which were feature selected to use as predictor variables, 129 were 

16S, and 50 were 18S (Table 2-S4). Similarly, top predictors (%IncMSE of 5 or more, n = 28) 

were made up of primarily prokaryotic taxa (n = 20; Figure 2-10). The ASV with the highest 

%IncMSE (8.1) was assigned to a reference genome of Methanomassiliicoccales, followed by the 

next 4 top predictors of Cytophagales (7.9), Candidatus Pelagibacter (7.8), an unidentified 
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Figure 2-10. Heatmap of key microbial predictors of upper water column biological oxygen 

anomaly.  

Scaled relative abundance of all predictor variables (ASVs) with a percent Increase in Mean 

Squared Error (%IncMSE) of over 5% when randomized in the final random forest model. Relative 

abundances were scaled using a z-score between 0–1. Bray-Curtis dissimilarity distances were 

used to cluster taxa and samples, which are additionally colored by mode (PM or EM) and [O2]bio. 

The highest resolved paprica taxonomic placement (closest relative among RefSeq or PR2 

genomes) is used to identify each unique ASV, with the rounded %IncMSE included in 

parentheses. Heatmaps generated using R package pheatmap (Kolde 2019). 
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Alphaproteobacteria (7.7), and the dinoflagellate Pentapharsodinium tyrrhenicum (7.2). Overall, 

Archaea were over-represented in the top predictors, making up 15% of the top predictor ASVs 

compared to only 5% of the overall prokaryotic community composition. Eukaryotic taxa within 

the top predictors (n = 8) were 50% dinoflagellates. When looking at the relative abundance of 

these sequences across all paired samples, two distinctive groups (clustered using Bray-Curtis 

dissimilarity distances) of taxa emerge: those that were more abundant in samples with strong 

[O2]bio undersaturation and those that were more abundant when [O2]bio was closer to 0 or indicated 

net production (Figure 2-10). The former was made up of ASVs identified to deep-water taxa with 

diverse metabolisms (i.e. Thermoplasmata), dinoflagellates, or complex carbon degraders (i.e. 

Candidatus Thioglobus). The latter was made up of commonly particle associated taxa (i.e. 

Bacterioidetes, Flavobacteria), the one diatom ASV (Fragilariposis sublineata), and also 

dinoflagellates (Figure 2-10).  

 

Discussion 

This work reveals some of the key biological and environmental influences on oxygen-

based NCP estimates and highlights a unique, year-long time series of paired microbial and 

biogeochemical data over a spatially and temporally variable drift track across the central Arctic 

Ocean. By assessing successional patterns in microbial community structure using SOMs, we track 

where and when key shifts in taxonomy occur and determine which species were dominant in 

association with specific periods or environmental variables throughout the time series. By 

assessing predictive relationships between microbial community structure and [O2]bio using a RF 

regression, we explore the potential linkages between these observations and highlight key 

predictor taxa for this biogeochemical variable.   
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Drivers of observed community structure and potential NCP 

In line with previous studies (Carter-Gates et al. 2020; Priest et al. 2023), we found that 

water mass influence played an important role in the environmental structuring of taxonomic 

distribution in the pelagic Arctic Ocean. For example, the presence of Atlantic water was an 

important driver of prokaryotic taxonomic community composition, particularly at depth. PM-3 

appeared almost exclusively below the upper boundary of Arctic Atlantic Water mass influence 

and contained AAW environmental characteristics such as high temperature and salinity (Figure 

2-6). PM-3 also had many ASVs identified to the Flavobacteria group (Figure 2-S2), which have 

been found to compose a large fraction of particle-associated microbes and may support high rates 

of sinking organic matter remineralization at these depths (Dithugoe et al. 2023). Yet, PM-3’s most 

abundant ASVs were mostly distinct from those most abundant in the deeper PM-2, despite being 

assigned to many of the same reference genomes (Figure 2-2c) — potentially indicating some 

species specialization between the two habitats, which is not uncommon for Arctic microbes 

(Royo-Llonch et al. 2021), and could be driven by substrate availability and utilization or 

temperature effects (Carter-Gates et al. 2020). The Eukaryotic community was uniform at depth 

for the entirety of the MOSAiC Drift (Figure 2-S5), with deep-water mode EM-2 (dominated by 

Telonemia and other flagellates; Figure 2-S3) always present below the true demarcation of the 

AAW water mass between 100 and 150 m (Schulz et al. 2023; Figure 2-5).  

In the water column above Atlantic water influence, disentangling seasonal and spatial 

influences on community structure was more complicated, with some combination of both likely 

driving compositional dynamics. PM-6, observed briefly in December 2019 and then again in late 

August of 2020, was abundant when the MOSAiC floe was in waters influenced by the Transpolar 

Drift, as indicated by a decrease in 18O isotopes (Nomura et al. 2023; Schulz et al. unpubl.). It’s 

low average salinity (Figure 2-6), high abundances of freshwater indicator taxa Actinobacter 
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(Figure 2-S2), and ASVs assigned to complex carbon degraders (Figure 2-2), suggest a community 

impacted fresh riverine input. While there was no specific EM associated with the Transpolar Drift, 

mixed layer eukaryotic communities observed in the Amundsen Basin at the beginning and end of 

the MOSAiC Drift were segmented into distinct modes (EM 1 and EM 6, respectively), despite 

similarities in overall composition (Figure 2-3).  

Other upper ocean successional patterns appear to be seasonally driven (eukaryotes) and/or 

substrate driven (prokaryotes), with mode community composition defined by metabolic strategy 

and often constrained vertically in the water column by the mixed layer depth. The community 

composition (Figure 2-3) and elevated Chl-a concentrations of EM-1 (Table 2-1) indicate the 

remnants of a diatom rich under ice bloom with a copiotrophic heterotrophic prokaryotic 

community (PM-1) and higher capacity for NCP (O2/Ar, Figure 2-6). Due to the winter data gap, 

it is unclear whether this community persisted or evolved over the course of the winter. What is 

clear, however, is that the deepening of the mixed layer in early March brought the primarily 

heterotrophic and dinoflagellate dominated eukaryotic EM-3 and largely chemotroph dominant 

PM-7 to the surface, persisting in the mixed layer until crossing over the Gakkel Ridge (EM-3) or 

Yermak Plateau (PM-7). While the abrupt shift in EMs observed in early April could be due to 

changes in surface water mass composition (leaving the river-water rich regime), this period also 

corresponded to the return of sunlight, an exponential increase in Chl-a (Hoppe et al. pers. comm.; 

Figure 2-2), and a community composition shift from predominantly heterotrophs to 

predominantly phototrophs (Figure 2-3). This, and the persistence of PM-7 indicating no 

community separation by basins, supports homogeneous selection pressures across basins (Aalto 

et al. 2022), and a seasonally driven vernal shift in the eukaryotic community. In addition to 

Thaumarcheota and other common winter taxonomic groups (Pedrós-Alió et al. 2023), PM-7 also 
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contained a relatively high proportion of Bacteroidetes taxa (Figure 2-S2) who are generally well 

adapted to respond quickly to organic matter. However, PM-7 also had the smallest average 

genome size (Figure 2-2), which is more characteristic of Proteorhodopsin containing 

Bacteroidetes taxa (Fernández-Gómez et al. 2013), making PM-7 both well suited for oligotrophic 

conditions during high Arctic winter and the return of light in Arctic spring. Following the onset 

of the summer melt season in late May (Shupe et al. 2022), we observed a near surface 

phytoplankton bloom, as described here by diatom rich EM-4 (Figure 2-3) followed by EM-6 

which contained greater abundance of pico-plankton, likely due to lower nutrient availabilities in 

the post-bloom situation together with low salinities and stratification from both melt and 

increasing river influence within the Fram Strait (Schulz et al. unpubl.), all favoring this functional 

type (Li et al. 2009). The prokaryotic summer community shifted in response to the bloom 

conditions of EM-4 (Figure 2-4), although with a slight time lag as has been observed in other 

polar systems (Bowman et al. 2017). Pre-bloom PM-5 was enriched in Alphaproteobacteria with 

top ASVs assigned to terrestrial taxa (Figure 2-2), potentially from sediments picked up during ice 

formation melting out of the ice (Krumpen et al. 2020). PM-1, clustered closely with PM-4 and 

contained high abundances of similar, particle associated taxa (Figure 2-2), highlighting organic 

matter availability, here derived from either ice melt (Figure 2-6) or in situ phytoplankton growth 

(Figure 2-4) as a determining factor for bacterial taxonomic composition (Underwood et al. 2019; 

Piontek et al. 2021) over the MOSAiC year. 

Despite these seasonal signals, the geographic transition between the Amundsen/Nansen 

Basins and Yermak Plateau may also have contributed to the shift in community composition, 

likely due to the presence of unmodified Atlantic Water while nearing the marginal ice zone 

(Schulz et al. unpubl.). Atlantic influenced water masses also reached much shallower depths at 
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this time (Figure 2-5) resulting in higher concentrations of macronutrients near the surface during 

a period of high light availability (Fong et al. unpubl.). Given these suitable productivity conditions 

and the observed phytoplankton bloom (EM-4; Figure 2-3), we would expect to also observe 

enhanced biological carbon drawdown (Juranek et al. 2019). However, we observed here a shallow 

and poorly defined mixed layer depth due to rapid ice melt (Salganik et al. 2023). While this 

stratification can intensify phytoplankton blooms, they can also suppress mixing and delay export 

by trapping the produced organic material (von Appen et al. 2021), prolonging remineralization at 

shallow depths. This could explain why bloom mode EM-4, while having the highest Chl-a, did 

not have the highest O2/Ar (Figure 2-6), with respiration from rapidly growing heterotrophs in 

PM-1 (low estimated doubling time; Table 2-1) outpacing oxygen accumulation in the integrated 

signal.   

Throughout most of the MOSAiC Drift track, the strong density gradient of the halocline 

acted as a physical barrier for vertical exchange and dispersal of microbial communities (Figure 

2-5), indicating that populations above and below this barrier likely developed independently of 

each other. [O2]bio values above and below the mixed layer depth were also distinct, with a 

significant increase in O2 drawdown below the active mixing layer, where most photosynthetic 

activity takes place (Figure 2-5). Exceptions to this pattern correspond to periods where active 

mixing was unusually deep (i.e., eddy events in  the Amundsen Basin during Fall 2020; Schulz et 

al. unpubl.) and is seen in a homogenization of both [O2]bio and community composition (Figure 

2-5). This trend is also followed by the predicted output of our RF model (Figure 2-9), encouraging 

confidence in these results.  
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Factors determining distribution and measurements of [O2]bio 

In our data, the presence of the mixed layer corresponded with an [O2]bio that was more 

uniform and generally higher in concentration within this layer (Figure 2-5). Given water column 

stratification (Schulz et al. unpubl.) and high ice extent (Nicolaus et al. 2022), it is possible that 

tracer residence times in this surface water were increased (Eveleth et al. 2014), accounting for the 

net oxygen accumulation observed at the end of winter, prior to the return of the sun on March 

12th (Figure 2-5). If so, this decoupling in tracer [O2]bio and active biogeochemical cycling could 

explain some of the poor predictive power in our ASV-based RF model for the higher magnitude 

and highly variable underway [O2]bio samples (Figure 2-7).  

Generally, [O2]bio in the water column remained close to 0 or net heterotrophic at all depths 

for almost the entirety of the MOSAiC Drift (Figure 2-5). Even during summer, O2/Ar in the 

surface ocean (< 11 m) was, on average, undersaturated by 4.7%. These findings contrast with 

previous studies, which have found spatially variable, but on average supersaturated O2/Ar in the 

surface waters of the Eurasian Arctic (Ulfsbo et al. 2014; Eveleth et al. 2014; Schanke et al. 2021). 

However, most previous studies only report data from July–October, which is the period in our 

data that showed the greatest [O2]bio accumulation from in situ production and ice melt (Figure 2-

4). It is likely that external carbon sources, such as terrestrial input (Martens et al. 2022), would 

be required to sustain the levels of remineralization observed over the rest of the drift (Figure 2-

5). Additionally, it is important to remember that the ice moved faster than the ocean, particularly 

upon leaving the Nansen Basin (Krumpen et al. 2021). This combined with greater current 

velocities and tidal influences (Rabe et al. 2022) removes assumptions of lateral homogeneity 

beneath the mixed layer (Schulz et al. unpubl.) and could explain the extreme heterogeneity of 

consumption rates between casts at this time (i.e. < −60 mol kg–1 at 100 m; Figure 2-5). The 

negative spike on July 15th could be related to enhanced mixing from bottom topography when 
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passing the western slope of the Yermak Plateau.  The positive spikes in [O2]bio in the Amundsen 

and Nansen basins during early Spring are also likely linked to physical rather than biogeochemical 

processes given the decoupling from observed changes in community structure (Figure 2-5), low 

light levels, and predicted undersaturation of these samples from our ASV-generated RF model 

(Figure 2-8). Potential explanations include gas entrapment beneath sea ice or frontal dynamics 

due to crossing bathymetric features, i.e., the Gakkel ridge (Ulfsbo et al. 2014; Eveleth et al. 2014).  

 [O2]tot concentrations as measured by the MIMS and presented here are slightly elevated 

when compared to other O2 concentration measurements from the CTD rosette (Figure 2-S4). This 

could be due to various instrumental factors but is likely associated with the temperature offset 

between in situ values and minor warming by the time of sample calibrations and analysis (Text 

2-S2). However, such changes would impact O2 and Ar measurements equally, meaning the net 

biological oxygen saturation as derived from ∆O2/Ar should not be affected. Although this could 

account for our anonymously high Ar supersaturation values when compared to previous studies 

(Eveleth et al. 2014), resulting in potentially overestimated magnitudes of net [O2]bio 

concentrations. Future work could benefit from accounting for such temperature offsets by 

comparing MIMS [O2]tot to other O2 measurements and correcting values based on a standardized 

temperature adjustment.  

 

Microbial communities as predictors of water column biogeochemistry 

Outside of these features, water column net metabolic balance was tightly coupled with 

microbial diversity and had high predictability of [O2]bio from microbial community structure alone 

(order of  5.32 mol kg–1, RMSE RF model; Figures 2-9, 2-8a). However, when validating this 

model with the underway dataset, deviations from measured values were larger (Figure 2-7). We 

suggest that this disconnect may stem from a few possible issues.  First, by integrating the 
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continuous underway data over a 4–6 hr interval, the original signal may have diluted to the point 

where it decoupled from the point measurement of microbial community structure—especially as 

calibrations were often also performed around this time. Alternatively, in situ growth from the 

underway sampling tube and/or cell damage from pumping may have altered in situ community 

structure enough that the relative abundances of ASVs from the underway data were decoupled 

from patterns in the CTD data which were used to construct the RF model. And finally, it is 

possible that because the RF model was built using CTD data alone which, due to the temporal 

and vertical resolution of CTD casts, had a much smaller fraction of surface (< 15m) water samples 

and only 5 discrete samples which displayed [O2]bio supersaturation. So, the undersaturation of 

predicted values may simply be due to underrepresentation of these sample types in the model 

training data (Table 2-S1). To better validate and constrain our RF model, we suggest future 

collections of similarly analyzed depth discrete paired DNA and O2/Ar data in similar geographic 

locations to compare to and/or build a better predictive model constrained by multiple years of 

data. The more training data, the better suited such a RF model will be to predicting [O2]bio in the 

highly variable Arctic basin.  

Despite these complications in model validation, the overall accuracy of our RF predictions 

are very promising and support the hypothesis that biogeochemistry (here, [O2]bio) is reflected in 

microbial community composition and may be accurately predicted from these data, as has been 

shown in other model systems (Dutta et al. 2022). Since including physical parameters within the 

model did not significantly improve model accuracy (Table 2-S1), it is likely changes in those 

variables are naturally accounted for within community structure. However the model built only 

using physical parameters was not as accurate, indicating the relationship between community 

composition and [O2]bio may actually hold greater predictive power than the physical drivers of 
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these processes. Using this method, we were able to expand our [O2]bio dataset to periods of the 

MOSAiC Drift which did not originally have measurements taken (Figure 2-9), expanding this 

biogeochemical time series and increasing its usability in future studies and for modeling 

applications. Net biological oxygen production has been shown to be an important predictor in 

driving the air–sea CO2 gradient, influencing maximal CO2 uptake during periods of open water 

(Juranek et al. 2019) and making it an important variable when it comes to quantifying the Arctic 

Ocean’s potential for net carbon sequestration. ASVs represented the best variables for predicting 

[O2]bio across all model iterations that included community composition data (Table 2-S1), 

additionally highlighting the intricate connections between microbes and this important ecosystem 

service.   

 Prokaryotic processes in particular play an important role in the mechanisms driving net 

carbon export in the pelagic ocean (Worden et al. 2015). Given that 71% of the top predictor taxa 

in our final RF model belonged to prokaryotes (Figure 2-10), our results corroborate this, and other 

recent studies that indicate the intensity and signal of biological carbon export (as indicated by 

surface NCP, or here, [O2]bio) is strongly associated with prokaryotic community composition. Out 

of the eukaryotic ASVs which were identified as important [O2]bio predictor taxa, the majority were 

heterotrophic or mixotrophic. A similar phenomenon was observed in Guidi et al. (2016), which 

examined planktonic networks driving carbon export in the subtropics and found that driving 

eukaryotic taxa in subnetworks correlated with carbon export were primarily dinoflagellates, or 

heterotrophic. Other studies from more nutrient rich environments, such as Lin et al. (2017) from 

the Southern Ocean and Wang et al. (2018) from the mid-Atlantic Bight, found a mix of both 

autotrophic and heterotrophic taxa, which were good predictors and/or strongly correlated with 

NCP estimates. Many of these, however, were associated with bloom conditions and when bloom 
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samples were excluded from analysis in the Wang et al. study, only cryptophytes and Bacteria 

remained associated with NCP rates. In our RF model, the key predictor taxa that were most 

abundant in net productive or net neutral [O2]bio samples were also primarily made up of either 

taxa directly associated with CO2 fixation, i.e. Fragilariopsis sublineata, dinoflagellate and 

Halieaceae ASVs, or, motile heterotrophic taxa associated with high levels of activity when 

responding to photosynthetically derived organic matter and bloom conditions, i.e. Polaribacter, 

other Flavobacteria, and Cytophagales ASVs (Bernardet and Nakagawa 2006; Simon et al. 2012; 

Li et al. 2023). An ASV assigned to Fragilariopsis sublineata was indeed dominant in the summer 

bloom-associated EM-4, and several Flavobacteria, including Polaribacter, ASVs were dominant 

in the bloom response mode PM-1. Flavobacteria and The most abundant predictor taxa in samples 

with strong oxygen consumption ([O2]bio) were primarily deep water taxa, including several ASVs 

assigned to the domain Archaea. In these previous studies, Archaea taxa were not clearly 

associated with NCP rates, however most assessed only surface water within the mixed layer. Our 

depth discrete water column data therefore provides a new insight into the predictive capacity of a 

less abundant microbial group. While predictive capacity does not necessarily equal mechanistic 

importance, several other recent studies have emphasized the role of chemoautotrophic Archaea 

(in addition to Bacteria) in altering carbon pools (Bayer et al. 2023) and regulating organic carbon 

export (Dithugoe et al. 2023) in the water column. Therefore, it is highly likely that the relative 

abundance of these key prokaryotic taxa may closely track changes in oxygen production and 

consumption rates, suggesting process-level biological mechanisms that directly influence the 

overall net metabolic balance and carbon sequestration potential in the Arctic Ocean.  

Summary and implications 

Our findings highlight the influence of microbial community composition on the net 

trophic state in the central Arctic Ocean. Vertical distributions in community structure were 
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constrained by water column stratification and mixing, while surface community structure (both 

prokaryotic and eukaryotic) shifted in response to seasonal and oceanographic changes over the 

course of the MOSAiC Drift. [O2]bio values generally tracked changes in community composition 

and were predicted with high fidelity in our community structure based RF model. Oxygen 

accumulation (positive [O2]bio and net photosynthetic activity) was observed only briefly during 

specific periods and exclusively within the mixed layer indicating a primarily net heterotrophic 

system. Additionally, most of the key predictor ASVs within our RF model were assigned to 

heterotrophic or mixotrophic taxa, highlighting the role of O2 consumption in constraining total 

NCP within the water column. While there are other O2 loss mechanisms which can impact this 

integrated signal but were not measured directly in conjunction with our data (such as zooplankton 

respiration and grazing), our results show that microbial community composition holds predictive 

power for this signal. This work can support NCP modelling efforts, critical to understanding the 

future of a changing Arctic. 

 

Supplemental Material 

Text 2-S1. Expanded materials and methods for taxonomic assignment and quality control 

The paprica pipeline (Bowman and Ducklow 2015) places bacterial and archaeal reads onto 

a reference tree created from the concatenated 16S and 23S rRNA genes from all completed 

genomes in the Genbank RefSeq database (Haft et al. 2018).  Eukaryotic reads are placed onto a 

reference tree created from the unique 18S rRNA genes present in the PR2 4.13.0 database 

(Guillou et al. 2013). Each amplicon sequence variant (ASV) is placed to either an internal or 

terminal branch on the tree (Nawrocki and Eddy 2013; Barbera et al. 2019; Czech et al. 2020). 

ASVs assigned to terminal completed genomes are described taxonomically by the highest 

resolution taxonomic ID. ASVs assigned to internal estimated genomes are described only by the 
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consensus taxonomy for all downstream nodes. For bacteria and archaea, paprica also uses the 

point of placement in the reference tree to estimate genomic characteristics such as genome size 

and 16S rRNA gene copy number (Erazo et al. 2021), as well as theoretical growth rate using the 

gRodon package (Weissman et al. 2021). However, growth rate estimates from codon usage do 

not reflect temperature conditions and therefore represent theoretical maximums only used to 

compare between samples and not as in situ rates. Taxonomic associations as used here indicate 

only that this is the closest relative among genomes in the database and does not necessarily 

indicate the presence of that exact strain. Final read counts for 16S ASVs were normalized to 

estimated 16S rRNA gene copy number before calculations of relative abundance. Rare ASVs with 

an abundance of <10, samples with bad library builds (<5000 total ASV counts), and suspected 

mitochondrial sequences were filtered out prior to all downstream analyses. Suspected chloroplasts 

(16S) and intracellular parasite (18S) sequences were also filtered out prior to SOM segmentation 

but were included in select downstream RF model designs.  

 

Text 2-S2. Expanded materials and methods for Membrane Inlet Mass Spectrometry 

(MIMS) 

MIMS measurements were logged continuously using Pfeiffer Quadera software. Seawater 

from the Polarstern underway system was run continuously to a multi-cylinder equilibration 

chamber, which gravity fed prefiltered (100 µm) underway seawater or prefiltered underway 

seawater bubbled with gas calibration standards at an inflow rate of 11–15 mL min–1. The mesh 

was changed every 1–2 days to prevent accumulating biological material from affecting gas 

measurements and the equilibration chamber was disassembled, washed, and thoroughly 

disinfected in regular intervals of ~3 weeks. Equilibration chamber temperature was monitored 
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using a temperature probe and was generally 2.5  1°C warmer than the external in situ seawater 

temperatures due to slight warming during the water transport. The instrument was 2-point 

calibrated daily, and prior to any bottle sampling event. Instrument baselines for O2 and Ar were 

obtained by measuring seawater purged with N2 gas (AirLiquide ALPHAGAZ 1 Nitrogen ≥ 

99.999%) for 40 minutes. 21% and 1% abundances for O2 and Ar, respectively, were obtained by 

measuring seawater equilibrated with synthetic air (AirLiquide ALPHAGAZ 1; 21.03 ± 0.42% O2, 

1.00 ± 0.02% Ar) for 40 minutes. Baseline values were linearly interpolated between the single 

determinations and subtracted from all sample measurements and synthetic air calibration 

measurements to account for instrument drift over time.  

During CTD collection of discrete samples, gas samples were always collected first, and 

clean tubing was used to transfer water from the Niskin. BOD bottles were allowed to overflow 

3x to prevent gas exchange during the sampling process. Bottles were stored in ice water in the 

dark (0  1ºC) until analysis, which either happened concurrently with, or immediately following, 

sampling of the rosette. During these bottle sampling events, instrument inflow was switched to a 

peristaltic pumped flow system (13–18 mL min–1), which could draw from both the equilibration 

chamber for calibration and the discrete bottle samples. Bottle samples were analyzed until a 

plateau was reached. On 5 occasions, replicate (between 3–5) BOD bottles were collected from 

the same depth and analyzed to constrain standard deviation between bottle measurements.  
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Supplemental Table 2-S1. Summary statistics and input data for all Random Forest 

models. 

[1] Relative abundance of all 16S amplicon sequence variants, with potential chloroplast sequences 

[2] Relative abundance of all 18S amplicon sequence variants, with intracellular parasite sequences 

[3] Relative abundance of QC’d 16S amplicon sequence variants 

[4] Relative abundance of QC’d 18S amplicon sequence variants 

[5] Sample temperature (ºC), salinity (g/kg), total oxygen concentration (mol kg-1), depth (m), 

and latitude (degrees) 

[6] Sample mean estimated genome size and growth rate 

[7] Sample prokaryotic mode and eukaryotic mode 

* With Boruta feature selection   
+ Final predictions without a true validation value 
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Predictor 

Variables 

(Type) 

Predictor 

Variables 

(#) 

# at 

Split 

# of 

Samples 

T–V 

Mean 

squared 

residual 

% Var 

Explain 
Top 5 Predictor Variables (% IncMSE) 

[1] 4055 1351 149 –68 175.8 66.36 

Flavobacteriaceae (7.45) 

Cytophagales (6.99) 

Sedimenticola thiotaurini (6.68) 

Sulfuriroseicoccus oceanibius (6.55) 

Coraliomargarita akajimensis (6.40) 
 

[2] 10003 3334 149 –68 187.4 64.13 

Eukaryota (10.84) 

Gyrodiniellum shiwhaense (8.10) 

Phaeocystis antarctica (7.76) 

Amphidinium mootonorum (6.82) 

Cryptomondales (6.08) 
 

[1] + [2] 14057 4685 149 –68 178.6 65.82 

Sedimenticola thiotaurini (5.93) 

Eukaryota (5.83) 

Cytophagales (5.78) 

Flavobacteriaceae (5.72) 

Methanomassiliicoccales (5.58) 
 

[3] + [4] 8534 2844 149 –68 184.2 64.76 

Cytophagles (7.16) 

Candidatus Pelagibacter sp.  (6.91) 

Flavobacteriaceae (6.69) 

Sedimenticola thiotaurini (6.12) 

Coraliomargarita akajimensis (5.89) 
 

[3] + [4] 

* 
171 57 149 –68 160.4 69.31 

Coraliomargarita akajimensis (8.09) 

Flavobacteriaceae (6.91) 

Candidatus Pelagibacter sp. (6.87) 

Cytophagales (6.76) 

Alphaproteobacteria (6.2) 
 

[3] + [4] + 

[5] + [6] + 

[7] 

8545 2850 149 –68 181.8 65.21 

Cytophagales (6.94) 

Alphaproteobacteria (6.36) 

Flavobactericeae (6.18) 

Candidatus Pelagibacter sp. (5.84) 

Eukaryota (5.28) 
 

[5] + [6] + 
[7] 

9 3 149 –68 166.9 68.07 

potential temperature (24.32) 

depth in m (20.75) 
Prokaryotic Mode (13.13) 

practical salinity (12.82) 

Eukaryotic Mode (12.24) 
 

[5] 5 1 149 –68 180.3 65.5 

potential temperature (25.29) 

depth in m (20.26) 

practical salinity (16.86) 

latitude (15.67) 

[O2]tot in µmol kg-1 (11.24) 
 

[3] + [4] 

* 

 

179 59 

217 – 

NA 

157 

CTD+ 

236 UW+ 

125.2 74.03 

Methanomassiliicoccales (8.13) 

Cytophagales (7.91) 

Candidatus Pelagibacter sp. (7.77) 

Alphaproteobacteria (6.3) 

Pentapharsodinium tyrrhencium (6.2) 
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Supplemental Table 2-S2. P-values from the Wilcoxon signed-rank test comparing 

environmental variables between prokaryotic modes. 

Temperature 
 PM 2 PM 3 PM 4 PM 5 PM 6 PM 7 

PM 1 p < 0.0001 p < 0.0001 p = 0.024 p = 0.00023 p = 0.011 p < 0.0001 

PM 2 x p = 0.00063 p < 0.0001 p < 0.0001 p < 0.0001 p < 0.0001 

PM 3 x x p < 0.0001 p < 0.0001 p < 0.0001 p < 0.0001 

PM 4 x x x p = 0.0039 p = 0.00053 p < 0.0001 

PM 5 x x x x p < 0.0001 p < 0.0001 

PM 6 x x x x x p < 0.0001 

Salinity 

PM 1 p < 0.0001 p < 0.0001 0.00011 p < 0.0001 p < 0.0001 p < 0.0001 

PM 2 x p < 0.0001 p < 0.0001 p < 0.0001 p < 0.0001 p < 0.0001 

PM 3 x x p < 0.0001 p < 0.0001 p < 0.0001 p < 0.0001 

PM 4 x x x p < 0.0001 0.022 p < 0.0001 

PM 5 x x x x p < 0.0001 0.045 

PM 6 x x x x x p < 0.0001 

[O2]tot 

PM 1 0.98 0.52 0.048 0.26 0.91 0.067 

PM 2 x 0.41 0.0011 0.19 0.76 0.003 

PM 3 x x 0.01 0.042 0.59 0.0074 

PM 4 x x x 0.0016 0.093 0.22 

PM 5 x x x x 0.56 0.0061 

PM 6 x x x x x 0.13 

O2/Ar 

PM 1 p < 0.0001 p < 0.0001 0.008 0.12 0.033 0.58 

PM 2 x p < 0.0001 p < 0.0001 p < 0.0001 p < 0.0001 p < 0.0001 

PM 3 x x p < 0.0001 0.001 p < 0.0001 p < 0.0001 

PM 4 x x x p < 0.0001 0.31 0.0012 

PM 5 x x x x 0.0041 0.00023 

PM 6 x x x x x 0.023 
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Supplemental Table 2-S3. P-values from the Wilcoxon signed-rank test comparing 

environmental variables between eukaryotic modes. 

Temperature 

 EM 2 EM 3 EM 4 EM 5 EM 6 

EM 1 p < 0.0001 p = 0.04 p = 0.0018 p < 0.0001 p < 0.0001 

EM 2 x p < 0.0001 p < 0.0001 p < 0.0001 p < 0.0001 

EM 3 x x p < 0.0001 p < 0.0001 p < 0.0001 

EM 4 x x x p < 0.0001 p < 0.0001 

EM 5 x x x x p < 0.0001 

Salinity 

EM 1 p < 0.0001 p < 0.0001 p < 0.0001 p < 0.0001 p < 0.0001 

EM 2 x p < 0.0001 p < 0.0001 p < 0.0001 p < 0.0001 

EM 3 x x 0.02 p < 0.0001 p < 0.0001 

EM 4 x x x p < 0.0001 p < 0.0001 

EM 5 x x x x p < 0.0001 

[O2]tot 

EM 1 0.66 0.091 0.39 0.68 0.083 

EM 2 x p < 0.0001 0.064 0.063 0.00033 

EM 3 x x 0.00028 0.025 0.86 

EM 4 x x x 0.012 0.0005 

EM 5 x x x x 0.023 

O2/Ar 

EM 1 p < 0.0001 0.012 0.017 0.015 0.6 

EM 2 x p < 0.0001 p < 0.0001 p < 0.0001 p < 0.0001 

EM 3 x x 0.91 0.07 0.049 

EM 4 x x x 0.21 0.065 

EM 5 x x x x 0.3 

 

 

Supplemental Table 2-S4. Boruta selected ASVs (final model).  

Available for download: 

Supplemental File 2-S1. Chamberlain_Table_2-S4_predictor_ASVs.xlsx 
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Supplemental Figure 2-S1. Overview of full dataset taxonomic community structure.  

Relative percentage of most abundant prokaryotic (a) and eukaryotic (b) taxonomic classes (or 

next lowest order of classification) across all water samples. Calculated using class-rank summed 

relative abundances from each unique 16S (a) and 18S (b) amplicon sequence variants (ASV), 

where the taxonomic assignment is representative of the most closely related completed reference 

genome in either the Refseq (16S) or PR2 (18S) databases.   

 
Supplemental Figure 2-S2. Overview of prokaryotic SOM taxonomic community structure.  

Average percentage of unique 16S amplicon sequence variants within each taxonomic class across 

each mode. Calculated using average relative abundance summed across each taxonomic 

identification.  
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Supplemental Figure 2-S3. Overview of eukaryotic SOM taxonomic community structure.  

Average percentage of unique 18S amplicon sequence variants within each taxonomic class across 

each mode. Calculated using average relative abundance summed across each taxonomic 

identification.  

 
 

 

 

Supplemental Figure 2-S4. Comparison between mass spectrometer measurements and 

CTD sensor measurements of total dissolved oxygen concentration [O2]tot.  

Values are plotted sample by sample where black lines indicate [O2]tot read directly from the CTD 

sensors  and blue lines are calculated from the membrane inlet mass spectrometer from calibration 

standard derived translations between spectrometry readings and concentration using practical 

salinity and potential temperature.  
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Supplemental Figure 2-S5. Time series of full water column biological oxygen anomaly and 

taxonomic mode during the MOSAiC Drift track.  

Interpolated biological oxygen anomaly, [O2]bio (mol kg-1) with Prokaryotic Mode (a) or 

Eukaryotic Mode (b) along the MOSAiC Drift. Points representing individual collections for 

microbial community structure are colored by mode. Points encircled by white indicate no 

matching measurement of [O2]bio. to include in the linear interpolation (package citation). Large 

blocks of white indicate periods of no data, and transit stations during periods of ship relocation 

are not shown. Vertical blue lines represent geographic transitions across the Arctic Ocean basins 

and are indicated at the top of the chart. The solid black line represents mixed layer depth and the 

dashed grey line indicates the top end of Artic Atlantic Water mass influence (zero isotherm).  
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Supplemental Figure 2-S6. Training of iterative Random Forest (RF) Regression models 

using 70 % of available paired data. 

(a) Distribution of biological oxygen anomaly ([O2]bio in mol kg-1) values within the training 

dataset used to construct RF models. Training data comprised of a randomized selection of samples 

of the discrete surface ocean (≤ 100 m) [O2]bio measurements with corresponding predictor 

variables, equating to 70 % of available paired data.  (b-i) Comparisons of measured [O2]bio (mol 

kg-1) and model predicted [O2]bio (mol kg-1) for the training dataset when run through the trained 

RF model. Individual samples presented against a 1:1 line (black) and assessed with a linear 

regression model (blue, p-value and r2 reported top left of each graph). Each panel shows the results 

of a model built using the following combinations of predictor variables: (b) the relative 

abundances (RA) of all 16S ASVs present within the sample sets – (c) the RA of all 18S ASVs 

present within the sample set – (d) the RA of all 16S and 18S ASVs present with the sample set – 

(e) the RA of all 16S and 18S ASVs present within the sample set, not including suspected 

chloroplast and intracellular parasite sequences – (f) the RA of feature selected 16S and 18S ASVs 

– (g) the RA of all 16S and 18S ASVs present within the sample set, not including suspected 

chloroplast and intracellular parasite sequences, physiochemical variables of potential 

temperature, practical salinity, and total oxygen concentration, depth, latitude, prokaryotic mode, 

eukaryotic mode, and estimated bacterial growth rate and genome size – (h) the physiochemical 

variables of potential temperature, practical salinity, and total oxygen concentration, depth, 

latitude, prokaryotic mode, eukaryotic mode, and estimated bacterial growth rate and 

concentration, depth, and latitude. Insets are representative of model error (y axis) with the 

experimental addition of more decision trees (x axis) in the model. Cut-offs for all constructed 

models was 500 decision trees. 
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Supplemental Figure 2-S7. Validation of iterative Random Forest (RF) Regression models 

using 30 % of available paired data.  

(a) Distribution of biological oxygen anomaly ([O2]bio in) values within the validation dataset used 

to construct RF models. Validation data comprised of a randomized selection of samples of the 

discrete surface ocean (≤ 100 m) [O2]bio measurements with corresponding predictor variables, 

equating to 30 % of available paired data.  (b-i) Comparisons of measured [O2]bio (mol kg-1) and 

model predicted [O2]bio (mol kg-1) for the validation dataset when run through the trained RF 

model. Individual samples presented against a 1:1 line (black) and assessed with a linear regression 

model (blue, p-value and r2 reported top left of each graph). Each panel shows the results of a 

model built using the following combinations of predictor variables: (b) the relative abundances 

(RA) of all 16S ASVs present within the sample sets – (c) the RA of all 18S ASVs present within 

the sample set – (d) the RA of all 16S and 18S ASVs present with the sample set – (e) the RA of 

all 16S and 18S ASVs present within the sample set, not including suspected chloroplast and 

intracellular parasite sequences – (f) the RA of feature selected 16S and 18S ASVs – (g) the RA 

of all 16S and 18S ASVs present within the sample set, not including suspected chloroplast and 

intracellular parasite sequences, physiochemical variables of potential temperature, practical 

salinity, and total oxygen concentration, depth, latitude, prokaryotic mode, eukaryotic mode, and 

estimated bacterial growth rate and genome size – (h) the physiochemical variables of potential 

temperature, practical salinity, and total oxygen concentration, depth, latitude, prokaryotic mode, 

eukaryotic mode, and estimated bacterial growth rate and genome size – and (i) only the 

physiochemical parameters of potential temperature, practical salinity, total oxygen concentration, 

depth, and latitude.  
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CHAPTER 3 – Low salinity summer meltwater alters surface Arctic Ocean microbial 

community structure and metabolism 

 

Abstract 

Summer snow and sea-ice melt creates low-salinity meltwater which can locally 

accumulate between and under ice floes, impacting microbial composition and carbon cycling in 

the surface Arctic Ocean. During the 2019-2020 MOSAiC Drift Expedition, spatially persistent 

meltwater layers (≤ 15 g kg-1 salinity, 0.1–1 m thick) in leads were observed from July–September. 

Here, we use both MOSAiC observations and culture-based experiments to investigate how these 

steep salinity gradients shape summer microbial microhabitats, impacting community structure 

and ecosystem function. Specifically, we compare in situ community structure (16S/18S rRNA 

gene amplicon sequences) and metabolic oxygen turnover to in vitro growth curves and metabolic 

oxygen turnover from three Arctic algae cultures across observed and artificial salinity gradients. 

In situ observations suggest that before freezing, stratified meltwater layers remain ecologically 

distinct with a unique microbial assemblage and metabolic potential. The surface meltwater had a 

community composition indicative of sea ice origin and showed enhanced net oxygen consumption 

compared to the underlying seawater. Our experiments showed that while algal growth and 

bacterial biomass were both reduced when exposed to low salinity meltwater, mixed community 

cultures were more productive following acclimation and heterotrophic activity persisted across 

all salinity treatments. In a warming Arctic, constraining the ecological impact of summer 

meltwater stratification will be critical for predicting climate-relevant biogeochemical cycling at 

the air-sea interface of open-water leads.  

 

Introduction 

Summer snow and sea ice melt serves as a local source of fresh water to the Arctic ice-

ocean system. This fresh meltwater is either stored in melt ponds or exported to the surface ocean, 
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stabilizing the water column (Perovich et al. 2021). Under calm meteoric and ocean mixing 

conditions, this meltwater can become trapped and accumulate into well-defined (i.e., < 2 m thick), 

low salinity (i.e., 0–15 g kg-1) layers topographically constrained either directly beneath the ice 

(Mundy et al. 2011; Smith et al. 2022) or in open leads between floes (Richter-Menge et al. 2001; 

Nomura et al. 2023). The resulting strong salinity gradient at the interface of the meltwater and 

underlying seawater has the potential to impact many aspects of the surrounding environment. For 

example, slowing sea ice bottom melt and promoting the formation of platelet ice (Hoppmann et 

al. 2020) and false bottoms (Salganik et al. 2023), altering the salt and heat balance of the ocean 

mixed layer (Kadko 2000), and limiting the exchange of gasses, nutrients, and organic material 

(OM) within the surface ocean and at the air-sea interface (Smith et al. 2023).  

The summer meltwater layer thus creates distinctive, and often isolated, environmental 

niches for microbial (i.e., bacteria, archaea, ice algae, phytoplankton, and other protists) 

colonization (Smith et al. 2023). The diversity of meltwater assemblages is driven both by the 

primary sources of the microbes reaching these ephemeral habitats and through physiological 

acclimation to the corresponding rapid environmental change and its associated stressors such as 

low salinity and high light (Ralph et al. 2007; Mundy et al. 2011). Ice algae is particularly sensitive 

to salinity stress caused by freshwater influx, with potential effects on carbon cycling through the 

biological carbon pump. Pooling melt layers can cause sympagic algae to detach from the ice and 

sink rapidly (Boetius et al. 2013; Amiraux et al. 2020) or trap smaller algal aggregates near the 

surface, becoming local OM sources and hot spots for biogeochemical activity (Assmy et al. 2013; 

Fernández-Méndez et al. 2014).  

Even small changes in community composition and individual cellular stress responses can 

drastically impact ecosystem functionality and contributions to local biogeochemical cycling 
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(Lannuzel et al. 2020). Smaller autotrophic flagellate species tend to outcompete diatoms as the 

dominant primary producers in isolated low salinity and/or meltwater environments,  (Li et al. 

2009; Mundy et al. 2011), which have been observed to contain higher proportions of mixotrophic 

and heterotrophic eukaryotes overall (Xu et al. 2020), thus altering meltwater metabolic rates of 

photosynthesis and respiration, and therefore net productivity. Bacterial community composition 

within isolated meltwater environments (i.e. melt ponds; Brinkmeyer et al. 2004) are similarly 

distinctive and susceptible to community changes due to salinity stress (Ewert and Deming 2014; 

Chamberlain et al. 2022), potentially creating an entirely unique microbial loop system within this 

near-surface feature (Smith et al. 2023). Quantifying the impacts of meltwater stratification on 

surface ocean microbial community structure and metabolic activity (i.e., photosynthesis and 

community respiration) will be important to accurately model changes in carbon flux between the 

ocean and the atmosphere in an increasingly freshening and more stratified central Arctic 

(Carmack et al. 2016).  

While meltwater layers have been documented in the Central Arctic for over a hundred 

years (Nansen 1902), observations are sporadic and do not effectively capture the potential wide-

spread persistence or physical evolution of these ephemeral features. The 2019–2020 

Multidisciplinary drifting Observatory for the Study of Arctic Climate (MOSAiC) Expedition 

provided an invaluable opportunity for extended ice observation during the summer melt period, 

capturing a high density of discrete interdisciplinary observations of meltwater layers and their 

impact on a variety of processes across the Arctic ocean-ice-atmosphere continuum (Smith et al. 

2023). In this study, we focus on quantifying the impact of meltwater stratification in leads on 

microbial community structure and function – specifically metabolic oxygen cycling and net 

productivity within the meltwater layer. First, we characterize the ecological micro-habits 
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observed during periods of meltwater stratification during the MOSAiC Expedition using 

measurements of microbial community structure (i.e., amplicon sequences, cell counts, 

chlorophyll a) and oxygen concentration. Next, we interrogate the impact of forced acclimation to 

low salinity conditions on microbial growth and metabolic activity rates in vitro using three distinct 

and non-axenic algal cultures propagated from samples collected during MOSAiC.  

 

Methods 

Field sample collection – MOSAiC Expedition 

The year-long MOSAiC Expedition took place aboard the RV Polarstern (Knust 2017) 

from September 2019 to October 2020 and carried out a comprehensive interdisciplinary study of 

the central Arctic ice-ocean-atmosphere system (Shupe et al. 2020). Overviews of the physical ice, 

oceanographic, and atmospheric parameters taken over the course of the MOSAiC Drift can be 

found in Nicolaus et al. (2022), Rabe et al. (2022), and Shupe et al. (2022), respectively. An 

overview of observed meltwater layers during the MOSAiC Drift and the targeted interdisciplinary 

sampling strategies of these layers can be found in Smith et al. (2023). Briefly, observations of 

meltwater layers occurred during the drift tracks of the 4th (June–July) and 5th (August–September) 

legs of the MOSAiC Expedition (Figure 3-1). The drift tracks for these legs were spatially 

separated due to the original MOSAiC ice observatory reaching the ice edge in late July. Leads 

(n=10) sampled generally surrounded the MOSAiC ice observatories but were dynamic and did 

not always remain open or accessible during the periods of observation. Lead descriptions 

compiled from field notes and the specific dates they were sampled are described in Table 3-1.   

Temperature and salinity profiles for each lead sampled were recorded by hand in the field 

using a YSI Professional Series with YSI 4-m and 10-m Conductivity/Temperature probe (Smith 

et al. 2021). Based on salinity profiles, water samples were collected using a peristaltic pump  
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Figure 3-1. Relevant drift paths and lead sampling sites during the MOSAiC Expedition.   

Figure adapted from Smith et al. (2023), the MOSAiC Leg 4 (b) and Leg 5 (floes) are pictured 

from above with their respective drift paths shown in (a). Stars represent lead sampling sites, and 

are labeled by their names as described in Table 3-1. LL (~ 300 m above OC site) and NL (marginal 

ice zone station) are not pictured.     

 

attached to tubing taped onto a bamboo pole from 3–4 discrete depths corresponding to the 

measured depth of any surface meltwater layer (‘Meltwater’; < 15 g kg-1), interface later 

(‘Interface’; 7–23 g kg-1), or underlying seawater layer(s) (‘Seawater’; 27–34 g kg-1). Following 

the disintegration of the stratified meltwater lens, only surface (0.05 – 0.10 m depth) water was 

collected (‘Surface Seawater’; 21–33 g kg-1). All water samples were kept shaded in coolers during 

transport back to the Polarstern where they were then (within 0–4 hours; held near 0 ºC) processed 

for ecological measurements.  

Water samples for DNA sequencing and cell abundances were collected in acid cleaned 

and thrice sample-rinsed 1L plastic Nalgene bottles. 1.8 mL of sample was transferred into 4 

replicate plastic cryovials and fixed to a 0.5% concentration of 25% glutaraldehyde at 4ºC for a 

minimum of 2 hours. Cryovials were then flash frozen with liquid nitrogen and stored at −80 ºC 

or on dry ice until analysis (see section Laboratory Analyses). The remaining volume (0.1–1 L; 

until filter clogged or no remaining volume was left) of sample was then filtered for DNA 

sequencing using a 0.2 m supor membrane disc filter (25 mm; Pall Corporation) on an ethanol 

cleaned vacuum filtration rig. Filters were immediately frozen and stored at −80 ºC until extraction 
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Table 3-1. Summary of lead sampling during the MOSAiC.  

*The MOSAiC Expedition (October 2019 – October 2020) was split into five legs with two 

discontinuous drift tracks (Legs 1–4 and Leg 5). Measurements from Leg 4 were collected in the 

Yermak Plateau and Fram Strait region. Measurements from Leg 5 were collected in the 

Amundsen Basin (Figure 3-1) or from a transit ice station near the marginal ice zone (NL). 
  

Lead Name Leg* Location and Description Dates Sampled 

ROV-4 4 

Open water lead surrounded by first year ice and located near the 

remote operated vehicle (ROV) operations running towards the bow 

of Polarstern. Visible green biomass layer at the interface of the 

meltwater layer and underlying seawater at 1 m. 

2020-07-11 

A 4 

~15 m wide open water lead containing a mix of second year and/or 

ridged floating ice blocks. Adjacent to defined transects for albedo 

measurements (Nicolaus et al. 2022). Visible green biomass layer 

visible at the interface of the meltwater layer and underlying 

seawater at 0.40 (July 17) and 0.8 (July 22) m. 

2020-07-17 

2020-07-22 

B 4 
~60 m wide open water lead surrounded by level FYI. No visible 

biomass layer but lots of platelet ice formation around blocks. 
2020-07-17 

C 4 
Open water lead located between the ROV and ‘Dronesville’ sites 

(Nicolaus et al. 2022). No visible biomass layer. 
2020-07-22 

D 4 

Open water lead located near previous sampling site Alli’s ridge 

(Nicolaus et al. 2022). Visible green biomass layer at the interface 

of the meltwater layer and underlying seawater, 0.55 m. Sampling 

on July 28 aborted due to fog and only surface sample was collected. 

2020-07-22 

2020-07-28 

RS 5 

Newly opened lead bisecting the Leg 5 MOSAiC ice observatory 

near the remote sensing (RS) site (Nicolaus et al. 2022). Physical 

dynamics of this lead are fully documented in Nomura et al. (2023). 

Originally opening to ~65 m wide this lead opened and closed 

several times throughout observation, beginning to freeze over as 

early as August 29 and became fully frozen over by September 15. 

Meltwater layer dissipated around September 7. 

2020-08-29 

2020-09-04 

2020-09-06 

2020-09-15 

OC 5 

Newly opened 2.5–3 m wide lead bisecting the Leg 5 MOSAiC ice 

observatory on the far side of the Ocean City (OC) sampling site 

(Rabe et al. 2022). This lead then closed and reopened on Setember 

7 before freezing over and losing meltwater stratification. By 

September 12, the lead was 20 m wide at its widest point and frozen 

with hoar ice features and large integrated floes. Only surface water 

collected on September 12 and September 18. 

2020-08-29 

2020-09-12 

2020-09-18 

ROV-5 5 
Refreezing lead near the Leg 5 ROV site (Nicolaus et al. 2022) 

located near an ASF50 meteorological sled (Shupe et al. 2022). 

2020-09-02 

2020-09-4 

LL 5 

Newly opened large refreezing lead originally located ~700 m 

distance from Polarstern, beyond the Met City sampling site (Shupe 

et al. 2022). Designated ‘Luna Lead’ (LL). By September 13 there 

was no meltwater stratification, and the lead was covered with a 9 

cm thick, highly deformed grey ice layer and was located ~200 m 

closer to the ship. Only surface water was collected from this site. 

2020-09-06 

2020-09-13 

NL 5 

Re-freezing lead, designated ‘Ninja Lead’ (NL) sampled during an 

opportunistic ice station near the Marginal Ice Zone at 82° 07.855N, 

070° 42.171 E while transiting to shore after concluding MOSAiC. 

2020-09-26 

 



95 

 (see section Laboratory Analyses). Water samples for chlorophyll a (and other parameters; Fong 

et al. unpubl.) were collected in Milli-Q water cleaned and thrice sample-rinsed 4L shaded plastic 

bottles. Volumes between 100 and 2300 mL of sample was filtered onto GF/F filters (25 mm; 

Whatman plc) and frozen at −80 ºC until analysis (see section Laboratory Analyses). Water 

samples for metabolic oxygen turnover were collected with laminar flow and over-fill in gas-tight 

300 mL glass Biological Oxygen Demand (BOD) bottles. 

 

Ice-algae collection and culture maintenance 

 An under-ice algal slush sample was collected on September 26th 2020, from a re-frozen 

lead in the marginal ice zone during an ice station while returning to land following the conclusion 

of the Leg 5 drift. Approximately 1 kg of slush from the ice bottom was collected using an ice saw 

and fine-mesh sieve. The salinity of under-ice water was 32.3 PSU, indicating no meltwater layer 

at the time of collection. The slush was returned to the ship in a cool box and the salinity of the 

‘under ice’ slush was 29.4 PSU, measured approximately 1 hour after collection. Three subsamples 

were filtered for community DNA (see previous section). The remainder was decanted into 5x 

sterilized 50ml tissue culture flasks and stored at approximately 4 ºC in a light cabinet at 15 μmol 

photons m−2 s−1 until Polarstern returned to shore and they were shipped in a cool box with ice 

packs to the University of Groningen, NL. Samples were then grown under a light source emitting 

150 μmol photons m−2 s−1 in a natural seawater liquid media enriched with F/2 nutrients; N, P, Si, 

trace metals, and vitamins (Andersen et al. 2005) for about 4 months. 

In February 2021, five 15 ml falcon tubes of mixed culture were shipped on ice to the 

University of Warwick, UK for further cultivation. Ten ml of the samples were immediately 

transferred to 50 ml tissue culture flasks in filter sterilized 32 PSU artificial seawater media (Sea 

salts; Sigma Aldrich) with pre-prepared and 0.2 µm filter sterilized F/2 nutrients, evolving into the 
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“Brown Mix” culture strains. After another month, several of the original culture communities 

shifted to become the “Green Mix” culture strains. These were then transferred to a fresh natural 

seawater liquid media enriched with F/2 nutrients, except with no addition of silica (Si), to continue 

selection for non-siliceous (i.e., diatom) taxa. Additionally, one uni-algal diatom strain (family 

Attheya) was isolated from the Brown Mix community culture (see Text 3-S1 for methods). All 

culture strains were maintained in a 4 °C cabinet under a light source emitting 150 μmol photons 

m−2 s−1 and reinoculated into fresh sterile media every 4 weeks. Artificial seawater was used for 

the Brown Mix and ‘Attheya Isolate’ culture media due to limited supplies of natural seawater 

during this time. All media and nutrients were sterilized by filtration through sterile 0.2 µm 

SUPOR membrane disc filters (47 mm; Pall Corporation) into autoclaved bottles prior to use to 

avoid altering the carbonate chemistry by autoclaving the liquid media. 

In May 2022, representatives of each of these culture strains were shipped on ice to Scripps 

Institution of Oceanography to conduct the below described experimental work. Once at Scripps, 

all strains were reinoculated into fresh natural seawater media enriched in pre-prepared 0.2 µm 

SUPOR filter (25 mm; Pall Corporation) sterilized F/2 nutrients (with or without Si as described 

above). Liquid media was filter sterilized following the University of Warwick procedure using 

0.1 – 0.2 µm Rapid-flow filters with Nalgene attachment (ThermoFisher Scientific) and pre-

autoclaved glass bottles. Stocks were maintained in a 1 ºC incubator cabinet with light conditions 

between 30–50 μmol photons m−2 s−1 and reinoculated (1:5 dilution) into fresh media 

approximately once a month.  

 

Experimental design and sample collection 

In October 2022, one representative of each strain type — Brown Mix, Green Mix, and 

Attheya Isolate — was grown into 1250 mL of dense culture (approx. 3.2 x 105 cells ml-1) during 
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an 8-day growth phase to seed three experimental salinity treatments. Triplicate chlorophyll a 

concentration (1 mL) and cell abundance measurements (1 mL) were collected daily. Growth 

curves for this phase are available in Figure 3-S1. On day 8, 125 mL was aliquoted for Timepoint 

0 (T0) measurements for DNA sequencing (40 mL), chlorophyll a concentration (1 mL), cell 

abundances (1 mL), pH (4 mL), and nutrients (20 mL) were collected. The remaining 1125 mL 

was then dispersed between triplicate 1L glass bottles for 3 experimental salinity treatments of 5 

PSU, 15 PSU, and a base media control of approximately 32 PSU. The 5 PSU treatment was 

created by adding 725 mL of sterile F/2 enriched Milli-Q water (0 PSU) to the 125 mL of culture 

stock. The 15 PSU treatment was created by adding 475 mL of sterile F/2 enriched Milli-Q water 

and 250 mL of sterile F/2 enriched natural seawater media to the 125 mL of culture stock. The 32 

PSU control treatment was a standard 1:5 stock dilution adding 725 mL of sterile F/2 enriched 

natural seawater media. The filter sterilized natural seawater used to create the liquid media base 

was the same across both the initial growth phase (Figure 3-S1) and all experimental salinity 

treatments. Experiments using the Green Mix community culture did not have Si added during F/2 

media enrichment. Initial nutrient concentrations and light availability was otherwise kept constant 

across both the initial growth phase and all experimental treatments. Bottles were distributed 

across four shelves with light values ranging from 17–33 μmol photons m−2 s−1  due to shading on 

the secondary shelves. Bottles were rotated daily across shelves with random distribution of 

triplicate treatment bottles. All cultures were maintained at 0–1 ºC throughout the duration of the 

experiments.  

Once diluted into the triplicate experimental salinity treatments, cultures were grown for 8 

more days allowing community acclimation to the new salinity conditions. Aliquots of 2 mL were 

collected from each bottle daily for chlorophyll a concentration and cell abundances to track 
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growth. On day 8, Timepoint “Final” (TF) measurements were collected for DNA sequencing (25–

170 mL), chlorophyll a (1 mL), cell abundances (1 mL), pH (4 mL), and nutrients (2 mL). 

Additionally, 1 mL of sample was used to confirm the salinity value for each bottle using a 

handheld refractometer and 5 mL of sample was saved in a sterile 15 mL Falcon tube and placed 

back into the incubator for future microscope imaging. 

All remaining liquid culture was then used to fill replicate 300 mL glass BOD bottles. 

Replicate bottles were split between a light and a dark incubation to track net oxygen production 

and consumption over a 48-hour period. BOD bottles were Milli-Q cleaned prior to use and filled 

slowly, with overfill, to reduce the incorporation of air bubbles. Once filled, BOD bottles were 

placed back into the incubator without caps to re-stabilize at incubation temperature and reduce 

potential temperature induced bubble formation. In each light treatment there was additionally a 

0.2 µm filtered ‘media blank’ which was used to account for any temperature signals in oxygen 

saturation over the incubation period.  After approximately 2 hours, bottles were capped and the 

incubations started (see section Laboratory analyses for full details). At the end of the 48-hr 

incubation, final measurements for chlorophyll a concentration (1 mL), cell abundances (1 mL), 

pH (4 mL), and nutrients (20 mL) were collected.  

Experiments were run staggered for 10 total days for each culture strain. For all 

experimental samples, water filtration for DNA sequencing was conducted using the same protocol 

which was used for field samples. chlorophyll a concentrations and pH were analyzed immediately 

on benchtop instruments (see section Laboratory analyses). T0 and TF cell abundances were 

diluted 1:10 with Phosphate Buffered Saline (PBS; Millipore Sigma) and run immediately on a 

benchtop flow cytometer without fixation (see section Laboratory analysis) but daily growth 

samples were fixed to a final concentration of 0.25 % glutaraldehyde and frozen in plastic cryovials 
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at −80 ºC until analysis. All were pre-filtered through a 60 µm nylon filter (25 mm; Millipore 

Sigma) during collection. Nutrients were pre-filtered through a 0.45 µm cellulose acetate 

membrane filter (25 mm; Advantec) and frozen in sterile plastic falcon tubes at –20 ºC until 

analysis.  

 

Laboratory analyses 

DNA sequencing: DNA from frozen filters (field and experimental collections) was 

extracted at Scripps Institution of Oceanography using a KingFisherTM Flex Purification system 

and MagMax Microbiome Ultra Nucleic Acid Extraction kit (ThermoFisher Scientific). Extracted 

nucleic acid was then sent to Argonne National Laboratory for library preparation and 16S/18S 

rRNA gene amplicon sequencing. Sequencing was performed on the Illumina Miseq plaform on a 

2 x 151 bp library architecture using universal primers 515F and 806R (16S, V4; Walters et al., 

2016) and 1380F and 1510R (18S, V9; Amaral-Zettler et al., 2009). The R package dada2 

(Callahan et al. 2016) was used to denoise and merge Illumina reads, and the PAthway PRediction 

by phylogenetIC plAcement pipeline (paprica; v0.7.0) was used for taxonomic identification using 

reference trees from the PR2 4.13.0 (18S genes; Guillou et al. 2013) and Genbank RefSeq (16S 

and 23S genes; Haft et al. 2018) databases. Each amplicon sequence variant (ASV) was placed to 

either an internal (unique sequence; described by consensus taxonomy for all downstream nodes) 

or terminal branch (edge sequence; described by reference taxonomic ID) on the tree (Nawrocki 

and Eddy 2013; Barbera et al. 2019; Czech et al. 2020). Field samples are presented at the unique 

sequence level, while experimental samples are presented at the edge sequence level to provide 

greater taxonomic resolution and account for lower diversity in culture. For bacteria and archaea, 

paprica also uses the point of placement in the reference tree to estimate mean genomic 

characteristics for each sample, such as genome size and 16S rRNA gene copy number (Erazo et 



100 

al. 2021). Final read counts for 16S ASVs were normalized to estimated 16S rRNA gene copy 

number before relative abundance calculations. Samples with < 3000 total ASV counts, singletons, 

and suspected mitochondrial (16S) and intercellular parasite (18S) sequences were filtered out 

prior to any statistical analyses following the QC procedures used in Chapter 2 (Text 2-S1). 

Cell abundances: Samples for cell abundance collected from the field were analyzed at 

the University of Bergen for the abundance of viruses, prokaryotes (bacteria and archaea), 

picophytoplankton, and nanophytoplankton. Autotrophic cell abundance was counted on a 

Attune® Acoustic Focusing Flow cytometer (Applied Biosystems by ThermoFisher Scientific) 

immediately following sample thaw. Virus particles and bacteria were measured on a FACS 

Calibur (Becton Dickinson) flow cytometer after samples were thawed, diluted 1:10 with 0.2 µm 

filtered TE buffer (Tris 10 mM and EDTA 1 mM, pH 8) and stained with the manufacturers 

recommended working concentration of SYBR Green (I; Molecular Probes) nucleic acid stain 

before incubating 10 min at 80 ºC in a water bath (Marie et al. 1997). Phytoplankton groups 

(autofluorescent cells) were classified using red fluorescence vs. orange fluorescence (Paulsen et 

al. 2016). Prokaryotic and viral groups were classified using green fluorescence vs. side scatter 

(Larsen et al. 2008; Paulsen et al. 2015). 

Samples for cell abundance collected during the laboratory experiments were analyzed at 

Scripps Institution of Oceanography for the total abundance of prokaryotes, picophytoplankton, 

nanophytoplankton, and actively respiring cells on a Guava easyCyte 11HT (Luminex). The Guava 

11HT uses both a blue (488 nm) and violet (405 nm) laser to interrogate cells. Autofluorescent 

cells (< 60 µm) were measured using forward scatter, side scatter, red emission, and yellow 

emission. To measure prokaryotic cells, samples were stained with SYBR Green (I; Molecular 

Probes) and measured for forward scatter, side scatter, and green emission. For the 1:10 PBS 
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diluted and unfixed T0 and TF measurements, samples were additionally run using the BacLightTM 

RedoxSensorTM Green Vitality Kit (ThermoFisher Scientific) to track bacterial reductase activity 

and calculate the relative percentage of total cells were actively respiring at the time of analysis. 

All reagents were added to samples and then incubated for 10 min in a dark 4 ºC fridge. For the 

experiment using the Attheya Isolate, only carbonyl cyanide m-chlorophenyl hydrazone (CCCP) 

was added to kill cells and create a ‘killed control’. For the two mixed community experiments, 

two killing agents, sodium azide and CCCP were added to a single killed control sample. For all 

experiments, the killed control fluorescence signal was subtracted from the RedoxSensor Green 

stained sample’s signal prior to calculating total counts of respiring cells. This value was then 

divided by the total cell count from a SYBR Green stained sample run concurrently to calculate 

percentage of active cellular respiration. Quality control for absolute cell counts were confirmed 

by spiking a standard volume of 1:10 diluted 123-count fluorescent beads (ThermoFisher) to each 

sample and killed control.  

Algal groups and bacterial groups were classified using a self-organizing map (SOM) using 

forward scatter, side scatter, red emission, and yellow emission (autofluorescent) or forward 

scatter, side scatter and green emission (SYBR-stained) following the methods outlined in Wilson 

et al. (2021). Briefly, a training dataset constructed from one growth phase sample from each 

culture strain was trained using a toroidal map of grid size 41x41 using the ‘kohonen’ package in 

R (Wehrens and Kruisselbrink 2018). The number of subgroups for both autofluoresent and SYBR 

stained cells was identified via k-means clustering with a k=5 based on visual evaluation of a 

within-cluster sum of squares scree plot and bi-parametric plot of forward scatter vs. red emission 

or green emission. The two trained cluster models (autofluorescent and SYBR stained) were then 

used to classify events for each subgroup in both sample types.  
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Chlorophyll a concentrations: Frozen filters for chlorophyll a concentration from the 

field were extracted and analyzed at Alfred Wegner Institute using a TD-700 fluorometer (Turner 

DesignsTM) as described in (Hoppe et al. 2023b). Experimental samples for chlorophyll a 

concentration were transferred to a polycarbonate cuvette and run immediately on an AquaFlash 

Handheld Active Fluorometer (Turner Designs™).  

Metabolic oxygen turnover: Metabolic oxygen turnover in field samples was estimated 

from the ratio of oxygen (O2) and Argon (Ar) concentrations (Eq. 1) and is reported as biological 

oxygen concentration ([O2]bio; Eq. 2)  following the approach in Eveleth et al. (2014) and 

calculated as described in Chapter 2,  where positive values represent a metabolic tracer for net 

oxygen production and negative values represent a metabolic tracer for net oxygen consumption. 

Physical changes in net oxygen concentration was derived from deviations in theoretical and 

measured Ar saturation (Eq. 3), which is traditionally assumed to be 1 in seawater (Cassar et al. 

2011).     

Equation 1. ∆O2/Ar = [(
[𝑂2]𝑚𝑒𝑎𝑠/[𝐴𝑟]𝑚𝑒𝑎𝑠

[𝑂2]𝑠𝑎𝑡/[𝐴𝑟]𝑠𝑎𝑡
)] – 1 

Equation 2. [O2]𝑏𝑖𝑜 =
[𝐴𝑟]𝑚𝑒𝑎𝑠

[𝐴𝑟]𝑠𝑎𝑡
[O2]𝑠𝑎𝑡(∆𝑂2/𝐴𝑟) 

Equation 3. [O2]𝑝ℎ𝑦𝑠 = (
[𝐴𝑟]𝑚𝑒𝑎𝑠

[𝐴𝑟]𝑠𝑎𝑡
− 1)[O2]𝑠𝑎𝑡 

O2 and Ar gasses were measured onboard Polarstern using a Pfeiffer QMG 220 quadrupole 

membrane inlet mass spectrometer. The instrument was 2-point calibrated using N2 gas (0%) or 

21%/1% O2/Ar synthetic air bubbled underway seawater directly prior to running samples. Details 

for this instrumentation and onboard measurements during the MOSAiC Expedition can be found 

in Rokitta et al. (in prep) and Chamberlain et al. (submitted). Theoretical concentrations of O2 and 

Ar at air saturation ([O2]sat and [Ar]sat) were calculated using calibration seawater temperature and 
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salinity and the solubility equations from Garcia and Gordon (1992; 1993 – combined fit) and 

Hamme and Emerson (2004) respectively. Comparing [O2]sat and [Ar]sat to the 21 %/1 % synthetic 

air standard calibrations, we translated spectrometer readings into total concentrations of [O2]meas 

(or [O2]tot) and [Ar]meas in mol kg-1. Sample [O2]sat and [Ar]sat were calculated individually using 

the same solubility equations and recorded in situ temperature and salinity values.  

 Metabolic oxygen turnover in the laboratory experiments was determined by tracking 

oxygen evolution over a 48 hr incubation period in the 0 ºC incubator. Light bottles were kept in 

direct light (17 µmol photons m-2 s-1). Dark bottles were shaded (0 µmol photons m-2 s-1) with a 

dark metallic bag. Gas tight glass BOD bottles were fitted with an optical Planar oxygen sensor 

spot (Presens Precision Sensing). Oxygen values were recorded using a Fibox 4 Fiber Optic 

Oxygen Meter equipped with a PSt3 oxygen sensor and a Pt100 temperature probe (Presens 

Precision Sensing). Measurements were recorded immediately following bottle capping (T0) and 

again at 6, 12, 24, 36, and 48 hours (TF) during the incubation period. Bottle measurements were 

completed in ambient lighting in under 10 minutes. For all bottles, net change in oxygen 

concentration was calculated by subtracting the initial value (T0) from the final timepoint (TF). 

For quality control, any signal observed in the 0.2 µm filtered seawater blank was then subtracted 

from the corresponding light or dark bottles to calculate the final net biological change in oxygen 

concentration (µmol kg-1) and net productivity rates (µmol kg-1 hr-1) over the 48 hour incubation.   

Nutrients and pH: Nutrient samples were analyzed for nitrate, nitrite, phosphate, silicate, 

and ammonia at the University of California San Diego Oceanographic Data Facility using 

standard analytical methods compatible with the nutrient section of the GO-SHIP repeat 

hydrography manual (Becker et al. 2020). Samples were thawed in a 50 ºC heating bath and 

brought to room temperature prior to analysis using a Seal Analytical continuous-flow 
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AutoAnalyzer 3 (AA3). Due to high nutrient enrichment in the media, a 1:20 dilution was 

sometimes employed to determine macronutrient concentrations. Experimental pH values were 

analyzed immediately using a bench-top accumet® AEL50 pH sensor (Fisher Scientific). However, 

these values are used primarily as relative values between samples, and with some caution due to 

poor instrument calibration and performance at the time of experimentation.  

 

Statistical analyses 

Statistics for this work were calculated in R Studio using the R programming language (R 

Core Team 2023). A non-metric multidimensional scaling (NMDS) ordination and permutational 

analysis of variance (PERMANOVA; 999 permutations) were run using Bray-Curtis dissimilarity 

matrices (Bray and Curtis 1957) of the Hellinger transformed 16S and 18S ASV relative 

abundances to compare microbial community structure among observed stratified layers and 

experimental salinity treatments (vegan package; Oksanen et al., 2015). Hierarchical clustering 

was used in heatmaps generated using the pheatmap package (Kolde 2019) to highlight similarities 

between sample community composition. Non-parametric Kruskal-Wallis tests with Dunn pair-

wise comparisons (vegan package; Oksanen et al., 2015) were used to compare other ecological 

variables among observed stratified layers and experimental salinity treatments. All p-values were 

adjusted to correct for multiple comparisons using the Holm-Bonferroni method with initial 

significance cut-off of  = 0.05 (Holm 1979).  The inverse Simpson index for alpha-diversity was 

used to measure diversity within sample types (vegan package; Oksanen et al., 2015). 
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Results 

Meltwater stratification in leads – general observations 

Meltwater stratification was observed during late summer (June–Aug) when sampling 

leads during both Leg 4 (78º – 80º N) and Leg 5 (87.8º – 89º N) of the MOSAiC Expedition (Figure 

3-2). On Leg 4, the first visual indication of a lead meltwater layer was observed on July 1st and a  

 

 

Figure 3-2. Physical characterization of leads from Legs 4 and 5 of the MOSAiC Expedition.  

All salinity (a) and temperature (b) profiles from sampled leads measured using a YSI probe (Smith 

et al. 2023). Point measurements are shaded by date sampled (blue), and colored Xs are used to 

mark where physical water samples were collected. Color here represents the lead site sampled 

(Table 3-1). Panels c-f show pictures from both above and below the lead surface from two selected 

sample sites; ROV-4 on July 11 (c) and July 6 (d; Muilwijk et al. 2022) and RS on August 25 (e-

f).  
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1 m thick meltwater lens with salinities < 10 g kg-1 was recorded and sampled on July 11th at the 

ROV lead site (Figure 3-2c). This stratification also contained a dense biomass layer at the 

meltwater–seawater interface (Figure 3-2d). A visible meltwater layer then persisted in all 

following lead sampling events albeit with a general trend towards thinning and a decrease in both 

the salinity and temperature gradient over time (Figure 3-2a). Lead re-freezing was not observed 

on this leg.  

On Leg 5, lead meltwater layers were observed upon arrival at the new ice observatory in 

early August and first sampled at the RS site on August 25 (Figure 3-2e). Thickness of this 

meltwater layer over time was found to correlate negatively with lead thickness (Nomura et al. 

2023).  Surface temperatures were overall lower (Figure 3-2b) with some re-freezing and platelet 

ice formation at the surface (Figure 3-2f). Visible biomass at these lead sites were not concentrated 

at the meltwater–seawater interface but instead floating throughout the meltwater layer in 

aggregates (Supplemental File 3-1). Dissolution of stratification in Leg 5 leads (Figure 3-2) 

occurred due meteorological changes (Rinke et al. 2021; Shupe et al. 2022) occurring between 

September 5 and 9 following a storm event and the rapid onset of freeze processes.   

 

Observed microbial community structure and metabolic activity in the meltwater layer 

The overall community structure of the meltwater layer was significantly distinct compared 

to that of both the interface (when present) and underlying seawater. In a 2D NMDS ordination 

including the community structure of all lead (Leg 4 and 5) samples as well as first year sea ice 

samples collected June–August (Chamberlain and Bowman 2022), meltwater samples showed no 

overlap with the underlying seawater samples and were instead clustered more closely to the 

summer ice communities, particularly for the 18S community (Figure 3-3). Indeed, only 39–42 % 

of the ASVs present in samples from the meltwater layer were also present in the underlying 
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seawater (Figure 3-3). Samples collected at the meltwater-seawater interface clustered with either 

meltwater samples or seawater samples and had a lower number of unique ASVs compared to 

shared ASVs present in this layer for both legs (Figure 3-3). Surface Seawater samples collected 

from surface water following disintegration of the meltwater lens clustered with samples collected 

from the underlying seawater earlier in the observation period (Figure 3-3).  

 

Figure 3-3. Similarities in microbial community structure across meltwater stratification.  

Individual samples are presented in the first two dimensions of NMDS ordinations to compare 

similarities in prokaryotic (16S ASVs; a) and eukaryotic (18S ASVs; b) community structure 

across sample types (color) and Leg collected (shape). Shared and unique 16S and 18S ASVs 

present in the Meltwater, Interface, and Seawater layers when meltwater stratification was present 

(Ice and Surface Seawater samples not included) are represented in the two Venn diagrams for 

Legs 4 (1116 ASVs; c) and 5 samples (1452 ASVs; d) respectively.  
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A PERMANOVA on the resulting Bray-Curtis dissimilarity matrices confirmed that 

dispersion among groups was statistically significant among sample types for both the prokaryotic 

(p = 0.001; F(5 , 56) = 5.69) and eukaryotic communities (p = 0.001; F(5 , 56) = 5.81).  

Additionally, salinity (16S: r2 = 0.79, p = 0.001; 18S: r2 = 0.78, p = 0.001), temperature (16S: r2= 

0.71, p = 0.001; 18S: r2 = 0.64, p = 0.001), and date (16S: r2 = 0.75, p = 0.001; 18S: r2 = 0.79, p = 

0.001) were significantly correlated with changes in community structure (Figure 3-3).  

The prokaryotic community (Figure 3-4) of the meltwater layer on both MOSAiC legs 

contained high proportions of ASVs identified to the class Flavobacteria, high nucleic acid 

containing cells, and large average estimated genome sizes relative to the underlying seawater. 

Highly abundant ASVs specific to the meltwater layer were assigned to reference genomes of 

Aquiluna borgonia, Polaromonas, Nonlabens dokdonensis, Flavobacterium faecale, and 

Flavobacterium crassostrae (Figure 3-4). Leg 4 samples (all stratified layers) contained a 

relatively higher proportion of Flavobacteria when compared to the samples collected on Leg 5, 

whose meltwater layer also contained high proportions of ASVs assigned to Actinomycetia, and 

Beta-proteobacteria reference genomes, as well as the greatest total abundance of viral cells 

(Figure 3-S1). The bottom sea ice slush samples from NL collected to propagate cultures clustered 

more closely with other sea ice samples (Figure 3-3a) and had a more similar community makeup 

to the Leg 4 meltwater layer, with high abundances of ASVs assigned to reference genomes of 

Candidatus Pelagibacter, Rhodoferax ferrireducens, and an unidentified Proteobacteria ASV with 

a 100 % BLAST® match to a cultured representative of the genus Herminiimonas (Figure 3-4). 
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Figure 3-4. Dominant prokaryotic community composition in leads. 

The heatmap shows the 25 most abundant 16S ASVs across all lead samples (a). Hellinger 

transformed read counts were scaled using a z-score between 0 and 1 and Bray-Curtis dissimilarity 

distances were used to cluster ASVs (rows). The paprica taxonomic ID (closest relative among 

RefSeq genomes) and placement proportion were used to identify each unique ASV (Bowman and 

Ducklow, 2015). Each sample (column) is colored by the MOSAiC leg and stratified water layer 

from which the sample was collected. Meltwater indicates samples collected above 10 cm depth 

with a salinity of < 15 g kg-1. ‘Seawater’ indicates samples collected from the underlying seawater. 

‘Interface’ indicates where the two previous layers met, and ‘Surface Seawater’ indicates surface 

samples collected above 10 cm depth following disintegration of the meltwater lens (salinity of 21 

– 33 g kg-1). ‘NL’ indicates the triplicate samples collected from the bottom ice slush used to 

propagate the experimental cultures. The box plots highlight the distribution across layers of each 

sample’s (when measured) mean estimated genome size (b), ratio of Low Nucleic Acid (LNA) to 

High Nucleic Acid (HNA) bacterial cells (c), and alpha diversity using the InvSimpson Index (d).  
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The eukaryotic community (Figure 3-5) of the meltwater layer was dominated by low 

chlorophyll nanophytoplankton, with a high proportion of ASVs assigned to flagellates 

(specifically classes Filosa-Thecofilosea and Dinophyeae; Figure 3-S1). During Leg 4, the  

meltwater and, even more so the interface layer, also contained a high abundance of ASVs assigned 

to pelagophyte reference genomes, (Figure 3-5, 3-S1). The underlying seawater during Leg 4 

contained a higher proportion of diatom ASVs (i.e. Fragilariopsis sublineata) relative to the 

seawater community of Leg 5, which had a higher proportion of picophytoplankton ASVs (i.e. 

Micromonas polaris) and dinoflagellates (Figure 3-5). The meltwater community on Leg 5 was 

similarly distinct with very few pelagophyte ASVs and a greater proportion of protozoa (i.e. 

Spirotrichea; Figure 3-S1). Like the prokaryotic community, the bottom sea ice slush samples from 

NL collected to propagate cultures clustered more closely with other sea ice samples (Figure 3-

3b). Unlike the prokaryotic community, however, the eukaryotic community was more similar in 

makeup to the Leg 5 meltwater layer, with high abundances of ASVs assigned to reference 

genomes of a Pyramimonas sp., an unidentified ASV with a 94 % BLAST® similarity to a 

Chrysophyceae representative, Cryothecomonas aestivalis, and Stoekeria algicida. The most 

abundant diatom ASV was classified to Fragilariopsis sublineata, which was abundant in both 

Leg 4 and Leg 5 seawater communities (Figure 3-5).   
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Figure 3-5. Dominant eukaryotic community composition in leads.  

The heatmap shows the 25 most abundant 18S ASVs across all lead samples (a). Hellinger 

transformed read counts were scaled using a z-score between 0 and 1 and Bray-Curtis dissimilarity 

distances were used to cluster ASVs (rows). The paprica taxonomic ID (closest relative among 

PR2 genomes) and placement proportion were used to identify each unique ASV (Bowman and 

Ducklow, 2015). Each sample (column) is colored by the MOSAiC leg and stratified water layer 

from which the sample was collected. Meltwater’ indicates samples collected above 10 cm depth 

with a salinity of < 15 g kg-1. ‘Seawater’ indicates samples collected from the underlying seawater. 

‘Interface’ indicates where the two previous layers met, and ‘Surface Seawater’ indicates surface 

samples collected above 10 cm depth following disintegration of the meltwater lens (salinity of 21 

– 33 g kg-1). ‘NL’ indicates the triplicate samples collected from the bottom ice slush used to 

propagate the experimental cultures. The box and whisker plots highlight the distribution across 

layers of each sample’s (when measured) total chlorophyll a concentration (b), the ratio of 

picophytoplankton to nanophytoplankton cells (b), and alpha diversity using the InvSimpson Index 

(d). 
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The water samples collected for metabolic oxygen turnover on Leg 5 featured a 

significant reduction in biological oxygen concentration in samples collected from the meltwater 

layer relative to both the interface and underlying seawater (Figure 3-6). Net physical changes in 

total oxygen concentration were most variable in the meltwater layer, but the range was low and 

the average was not significantly different from either the interface or underlying seawater (p = 

0.19; Figure 3-6). 

 

 

Figure 3-6. Observed net metabolic oxygen turnover in the meltwater layer. 

Median changes in biological oxygen concentration, [O2]bio (a), physical oxygen concentration 

[O2]phys (b), and total oxygen concentration, [O2]tot (c), in µmol kg-1 across each water layer 

collected from leads during Leg 5 of the MOSAiC Expedition. The midline of each box represents 

the median, with lines below above, representing the first and third quartiles. Whiskers represent 

the minimum and maximum of the spread with outliers marked by standalone points. The results 

of a Kruskal-Wallis test comparing layers is printed at the top and significant differences between 

layers are reported by the p-values from Dunn pair-wise comparisons (vegan package; Oksanen et 

al., 2015). Only significant comparisons are shown.  

 

Algal culture community composition and acclimation to salinity treatments 

The three algal communities each contained a distinct prokaryotic and eukaryotic 

community composition at the beginning of each experiment. Microscope imaging (Figure 3-7) 

identified the unialgal culture as an Attheya diatom strain. This was confirmed by sequencing 

results, with all 18S edge assignments present in more than one replicate assigned to a 

representative genome of Attheya septentrionalis (Figure 3-8). The ‘Brown Mix’ community  
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Figure 3-7. Chlorophyll a concentrations across salinity treatments and culture strains. 

Each of the three culture strains, Attheya isolate (a-b), Brown Mix (c-d), and Green Mix (e-f), were 

grown (staggered starts) in one of three salinity treatments for a total of 8 days during which 

chlorophyll a concentrations were collected daily. Points represent average values and lines the 

standard deviation between triplicate experimental bottles for each salinity treatment (a,d,e). Data 

from November 15th are omitted due to an instrument failure on that day. Microscope images 

(b,d,f) were photographed from the 32 PSU salinity treatment a week following the end of the 

experiment (R. Varner).  

 

culture was visually marked by its brown pigmentation and a high abundance of singular pennate 

diatom cells (Figure 3-7d). These were likely Synedra minescula, or another unidentified Araphid-

pennate diatom, which had 97 % BLAST® similarity to at least three other Fragilariophyceae 

species. This mixed community culture also had high relative abundances of heterotrophic nano 

flagellates (i.e. Cercozoa taxa) which became more abundant in the low salinity treatment, creating 
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a distinctive community cluster for the 5 PSU salinity treatment (Figure 3-8). Unfortunately, all 

experimental samples from the ‘Green Mix’ community culture had poor total read counts and had 

to be excluded from this analysis. Based on the dominant taxa at the end of the growth phase 

(Figure 3-S3) and microscopic imaging (Figure 3-7F), the dominant algae in this culture were 

likely species of Ulothrix and Chlamydonomodales.  

 

Figure 3-8. Bacterial and eukaryotic community structure in the algal cultures.  

Heatmaps shows the most abundant bacterial (a) and eukaryotic (b) taxa present in each 

community culture strain. Columns (samples) are colored by culture type and salinity treatment (if 

viable, 3 replicates per treatment), including the initial community sample (labeled T0) collected 

prior to salinity dilutions. Both rows and columns were clustered using Euclidean distances, 

highlighting similarities in community composition. For bacterial samples, columns are 

additionally colored by estimated mean bacterial genome size (bp) for the sample (a).  

 

 The associated bacterial communities for each culture were similarly distinctive with the 

two diatom-based cultures showing the highest amount of overlap in community composition 

(Figure 3-8). Additionally, salinity treatments from these two experiments clustered together with 

some taxa showing enhanced relative abundances in the 5 PSU treatment (i.e., Sulfitobacter, 

Winograskyella, and Marinobacter sp.). Treatment clusters in the bacterial community within the 
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‘Green Mix’ remained more variable, yet several ASV edges showed decreased relative abundance 

with the 5 and 15 PSU salinity treatments, i.e. Polaribacter and Psycrosphaera sp., and one 

cyanobacterial edge showed increased relative abundance in the 5 PSU treatment (Figure 3-8).       

For all cultures, growth curves tracking total chlorophyll a concentration (Figure 3-7) and 

autofluorescent cell counts (Figure 3-8) were lower in the 5 PSU treatment when compared to the 

15 or 32 PSU. The Attheya Isolate culture reached the highest overall potential for chlorophyll a  

production in the 32 PSU control treatment, but the Green Mix retained the most chlorophyll in 

the 5 PSU and 15 PSU treatments.  In the 5 PSU treatment, both diatom-based communities 

reached nearly 0 chlorophyll a concentration by the end of the 8-day growth period (Table 3-2).  

More macronutrients were removed from the media in the 32 PSU salinity treatment when 

compared to lower salinity treatments for all culture types (except Si in the Green Mix, which did 

not have silica added to its media base) and pH was lowered in the 5 PSU salinity treatment.  

 

Table 3-2. Values of chlorophyll a, pH, macronutrients, and the percentage of actively 

respiring cells averaged across triplicate bottles after an 8-day acclimation period to salinity 

treatments.   

*Mean treatment salinity values measured in PSU 
Culture 

Treatment*                                      

TF Chl 

(µg L-1) 

TF pH TF NO3 

(µmol L-1) 

TF PO4 

(µmol L-1) 

TF Si 

(µmol L-1) 

% Respiring 

Cells 

Attheya 

Isolate 

5.2 18.6 ± 2.1 9.3  0.1 839.7  4.0 28.8 ± 0.5 85.8  2.5 18.3  17.6 

15 200.7 ± 59.4 10.0  0.02 780.9  48.6 16 ± 3.2 28.8  21.9 9.5   2.8 

32 703.2 ± 95 10.0  0.2 748.3  46.4 12.8 ± 2.6 14.1  17.3 10.4  11.6 

Brown 

Mix 

5.5 2.1 ± 1.9 9.3  0.2 844.5  3.5 30.6 ± 0 93.1  17.3 56.4  5.6 

14 218.5 ± 47.1 9.9  0.4 796.8  2.3 24.3 ± 0.9 63.4  7.8 62.5  7.1 

32.3 609.7 ± 82.6 9.8  0.1 770.5  6.0 23.2 ± 0.2 58.3  3.5 75.2  7.6 

Green 

Mix 

5 102.4 ± 9.5 10.4  0.06 773.9  8.3 15.9 ± 0.4 2.4  1.4 63.0  0.85 

15 282.9 ± 60.2 10.6  0.08 695.7  94.1 9.3 ± 1.1 3.5  1.0 63.2  2.7 

32.3 307.9 ± 90.2 10.0  0.2 702.7  9.5 9.1 ± 1.5 6.9  2.6 57.5  2.2 
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Table 3-3. Chlorophyll a, pH, and nutrient turnover during the 48 hr oxygen bottle 

incubations.  

All TF-T0 values in concentration were divided by 48 to calculate rates of uptake and production. 

*Nutrients measured in µmol L-1 hr-1 
 Culture 

Treatment 
TF-T0 Chl 

(µg L-1hr-1) 

TF-T0 pH 

(hr-1) 

TF-T0 NO3  

(*) 

TF-T0 PO4  

(*) 

TF-T0 Si 

(*) 

TF-T0 O2  

(µmol kg-1hr-1)  

Light 
Attheya 

Isolate 

5  -2.4 0 -0.4 0 0 -0.2 

15 3.3 0 0.4 0 0.2 0.7 

32  11.5 0 -0.9 -0.1 -0.2 3.4 

Brown 

Mix 

5  -0.7 0 0.1 0 0 0.2 

15  -5.8 0 -0.3 -0.2 -0.5 3.5 

32  -5.7 0 -0.2 -0.1 -0.3 5.2 

Green 

Mix 

5  2.8 0 -0.4 0 0 0.9 

15  3 0 0.9 0 0 1.8 

32  -2.7 0 -0.5 0 0 5.3 

Dark 
Attheya 

Isolate 

5  -2.7 0.2 17.2 0.6 1.8 -0.9 

15  -6.5 0.2 16.7 0.3 0.6 -1.3 

32 -6.4 0.2 14.9 0.3 0.1 -2.6 

Brown 

Mix 

5  -0.7 0.2 17.6 0.6 1.4 -0.8 

15  -10.6 0.2 16.4 0.5 1.1 -1.6 

32 -15.7 0.1 16 0.3 1.1 -4 

Green 

Mix 

5  0.7 0.2 16.6 0.3 0.1 -0.2 

15 -5.5 0.2 16.9 0.2 0.1 -1.3 

32  -12.9 0.1 14.6 0.1 0.1 -2.4 

 

Changes in culture net metabolic activity across salinity treatments 

 Over the 48-hour incubation period, all salinity treatments had metabolic oxygen turnover 

with rates ranging from oxygen consumption of −4 µmol kg-1 hr-1 to 5.3 µmol kg-1 hr-1 (Table  

3-3). The Brown Mix culture showed the highest potential for both total biological oxygen 

production under light conditions, and oxygen consumption under dark conditions under seawater 

salinity (Figure 3-9). However, the Green Mix culture had the highest oxygen production in the 

low salinity 5 PSU salinity treatment, as well as a higher proportion of metabolically active cells 

when compared to total cell count going into the incubation (Table 3-2). The relative proportion 

of actively respiring cells in the Attheya Isolate culture was low across all salinity treatments, 

however direct comparisons to the other two culture communities for this parameter cannot be 

made due to differences in QC procedures for these samples. Nevertheless, the Attheya Isolate 

community culture displayed a significant reduction in net oxygen production in the 15 PSU 
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treatment, and net oxygen consumption even under light conditions in the 5 PSU treatment (Figure 

3-9). Patterns of nutrient update and remineralization generally matched trends in oxygen 

consumption within the bottle incubations (Table 3-3).  

 

 

Figure 3-9. Oxygen production and aerobic respiration across salinity treatments.  

The net change in total oxygen (a) as measured over a 48 hr incubation period for both light and 

dark bottles across salinity treatment and culture strains. Error bars represent the standard deviation 

in oxygen turnover between experimental replicates. Measured at the end of the 8-day acclimation 

period, prior to oxygen incubations, panel (b) indicates cell count (1:10 dilution) for both total (SG 

stained) cells and cells undergoing active bacterial reductase activity (RSG stained). The number 

label represents % of actively respiring cells (RSG/SG). Error bars represent the standard deviation 

in counted cells with each fluorescent stain between experimental replicates. 

 

Discussion 

Salinity induced microhabitats: seeding and evolution of the meltwater community 

The closer similarity in community structure between samples from the meltwater layer 

and sea ice compared to the meltwater layer and seawater on both legs of the MOSAiC Expedition 
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(Figure 3-3) indicate that these communities were likely seeded from the ice, as the primary origin 

of this meltwater and consistent ice flushing observed over the melt season (Salganik et al. 2023). 

This supports the hypothesis that sea ice, specifically multi-year ice, serves as a ‘seed repository’, 

where algae from the previous winter trapped in the growing ice melts out the following spring to 

initiate under ice-blooms and algal growth in the newly formed ice of adjacent leads (Olsen et al. 

2017). While most of the leads sampled in this study were primarily surrounded by first-year ice 

(Table 3-1), previous studies have indicated that meltwater accumulated from a large spatial area 

with contributions from both the sea ice surface and basal melt (Smith et al. 2023; Salganik et al. 

2023; Nomura et al. 2023).  

When salinity stratification was maintained, both observed meltwater layers then evolved 

as an isolated system with a subset of the seeded community surviving the osmotic shock of 

moving from high salinity ice conditions (Torstensson et al. 2015) to the low salinity conditions 

of the meltwater layer (Figure 3-2). This was explicitly observed in our lab experiments, where 

the ‘Brown Mix’ strain showed changes in community composition after only 8 days of 

acclimation to the low salinity treatment (Figure 3-8). Trapped in the meltwater layer by the density 

gradient (Assmy et al. 2013), and exposed to additional stressors such as high light and, potentially, 

nutrient limitation (Mundy et al. 2011) it is likely these communities evolved very rapidly in situ, 

distinguishing themselves from both the original ice communities and the communities present in 

the underlying seawater (Figure 3-3). On Leg 5, meltwater communities remained distinct even 

while the meltwater layer thinned with the onset of freezing on September 1 (Nomura et al. 2023). 

However, after stratification ended following turbulent mixing from storm activity on September 

6, surface water communities became almost identical to that of the previously sampled seawater 

from below 1 m. Either, the meltwater community was mixed down with the remaining meltwater 
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(Nomura et al. 2023), or, incorporated into the growing lead ice in platelet crystals (Syvertsen and 

Syoertsen 1991), which is likely considering the amount of observed OM attached to growing 

platelet ice during the expedition (Supplemental File 3-1).  

The “Interface” layer, while containing some unique ASVs (Figure 3-3) did not contain its 

own ‘halocline flora’ as has previously been described in other studies (Apollonio 1985). However, 

the thin nature (~1 cm thick) nature of this layer made it particularly difficult to sample and it is 

possible that samples were diluted with either water from above or below while pumping. On Leg 

4, however, there was a clear functional distinction in the Interface layer, corresponding to the 

visible biomass layer (Figure 3-2) which was observed at most sites on most dates (Table 3-1).  

This biomass layer had high diversity for prokaryotes (Figure 3-4d), but low diversity for 

eukaryotes (3-5d), indicating “bloom” like conditions with a diverse responsive heterotrophic 

community. The phytoplankton community in the Interface at this time was dominated by 

Pelagophyceae ASVs (Figure 3-S1) and high standing stocks of chlorophyll as biomass 

accumulated at the density gradient (Figure 3-5). It is possible that this biomass layer represents 

dead OM flushed from the ice accumulating at the density gradient. However, Freyria et al. (2022) 

found Artic Pelagophyte species to be tolerant of salinity fluctuations through differential gene 

expression resulting in the production of secondary metabolites and lipid secretion and suggesting 

it is just as likely that they were actively growing within the meltwater and/or the meltwater-

seawater interface. Experiments in the Antarctic highlight the potential release of such metabolites 

into the labile dissolved organic pool during low salinity conditions where they can be readily 

metabolized by the bacterial community (Dawson et al. 2023), or used as osmoprotectants (Firth 

et al. 2016).  Sample to sample variability in bacterial community composition was high for the 

Interface layer, but generally the interface bacterial community at this time had a significantly 
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higher estimated average genome size, a high proportion of HNA cells compared to the underlying 

seawater, and high relative abundances of copiotrophic Flavobacteria ASVs (Figure 3-4). This, in 

addition to the high relative abundances of motile heterotrophic protists in the meltwater and 

Interface layers (Figure 3-5) indicate a quick responding microbial loop within the thin layer of 

accumulated phytoplankton biomass (Buchan et al. 2014; Norris et al. 2021).  Unfortunately, we 

did not collect oxygen measurements from leads on this leg to confirm net metabolic activity, but 

whether the Interface microhabitat was net autotrophic or net heterotrophic, the observed microbial 

community clearly had the potential to impact carbon and nutrient cycling for the nutrient poor 

surface Arctic Ocean in as much a capacity as the ice algal aggregates observed on Leg 5 and on 

previous cruises (Fernández-Méndez et al. 2014).  

  

Potential for increased heterotrophy in the meltwater layer 

During Leg 5 of MOSAiC, biological oxygen concentration in the meltwater was 

significantly undersaturated compared to both the interface and underlying seawater (Figure 3-6). 

A physical explanation of this observation would be gas expulsion as the surface of the leads freeze 

over, leading to undersaturated meltwater (Eveleth et al. 2014). However, physical oxygen 

supersaturation calculated from argon measurements were variable across samples with no 

corresponding pattern, and total oxygen concentration was highest in the meltwater layer (Figure 

3–6). Neither of these measurements showed significant (p > 0.05) variability in mean values 

between salinity layers, indicating a true biological signal for net heterotrophy at the surface.  

Biomass in the Leg 5 meltwater layer was visually and analytically very different from the 

meltwater layer observed on Leg 4 – likely due to the seasonal, spatial, and physiochemical 

differences between ice floes. There was no visual biomass at the interface layer, but instead algal 

aggregates were observed floating in the meltwater layer during visual surveys (Supplemental File 
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3-S1) similar to those described in Nansen (1902), Assmy et al. (2013), and Fernández-Méndez et 

al. (2014). However, these aggregates were all described as primarily composed of diatoms. In the 

18S sequencing of bulk water, diatoms represented a very small proportion of sequences in the 

meltwater layer (Figure 3-S1), suggesting that our sampling method may not have been very 

effective for capturing in situ measurements of aggregate composition or the aggregates which we 

observed were pico-eukaryote or dinoflagellate in origin. Regardless, individual meltwater 

aggregates have previously been observed to be net heterotrophic (Fernández-Méndez et al. 2014) 

and their accumulation associated with oxygen consumption and elevated ammonium 

concentrations in the surrounding seawater (Assmy et al. 2013), supporting evidence of rapid 

remineralization by bacterial colonizers recruited from the sea ice community (Rapp et al. 2018). 

In addition to high abundances of ASVs related to traditional melt pond and ice taxa (i.e. ß-

Proteobacteria and Actinobacteria; Figure 3-S1), the high genome size, high HNA bacterial 

community in the Leg 5 meltwater layer contained high abundances of Flavobacteria ASVs (Figure 

3-4), which can efficiently use high molecular weight ice derived OM (Underwood et al. 2019) 

and are likely major contributors to the net heterotrophic signal observed in the meltwater layer.  

Based on our culture experiments, the net consumption of biological oxygen observed in 

the Leg 5 meltwater layer was likely due to a combination of reduced net community production 

and persistent respiration under low salinity stress. All culture strains saw reduced growth and 

biomass with time in the low salinity treatments (Figure 3-7). Testing across multiple community 

types, we found that only the Attheya Isolate strain reached total net heterotrophy under light 

conditions in the 5 PSU treatment (Figure 3-9). Centric diatoms like Attheya have a greater 

tolerance than pennate diatoms to low salinity conditions, however their high abundance has also 

been linked to abrupt shifts to net heterotrophic conditions in bottom sea ice (Campbell et al. 2017). 
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Under our 5 PSU treatment, the percentage of actively respiring cells in culture increased by ~8 % 

compared to the control and 15 PSU treatment. We cannot directly compare total % respiring cells 

between algal culture strains as it is likely that total counts for the RSG stained cells in the Attheya 

culture are underestimated due to methodological differences in the killed control treatments for 

this experiment. However, we can compare to % changes within culture strains. The Brown Mix 

showed a decrease in the % respiration of cells with decreasing salinity, while the Green Mix 

showed a ~6 % increase between the control and both lower salinity treatments (Figure 3-9). The 

Green Mix was also the only community to show an increase in the total number of cells, likely 

related to the relative increase in Cyanobacteria ASVs (Figure 3-8), which have been observed 

seasonally in the central Arctic Ocean (Gradinger & Lenz, 1995).  

The mixed communities both remained net productive under low salinity stress, however 

this was likely due to species compositional changes during low salinity acclimation (Figure 3-8). 

The Green Mix culture showed the highest oxygen production rates under the 5 PSU treatment and 

had the greatest chlorophyll a retention under low salinity. However, it had the lowest chlorophyll 

a concentrations overall (Figure 3-7). This culture was primarily composed of the filamentous 

green algae Ulothrix, flagellated Chlorophyta, and high relative abundances of Cyanobacteria 

(Figure 3-8). Autotrophic flagellates tend to dominate meltwater communities (Figure 3-5; Mundy 

et al. 2011) and if these experimental results were to be scaled up, they would support predictions 

that under a warming and freshening Arctic, smaller phytoplankton will outcompete diatoms at the 

ice-water interface with implications for less total production overall and a stronger microbial loop 

(Li et al. 2009). The Brown Mix Community started with the most similar community composition 

to the original NL lead ice slush sample (Figure 3-5; Figure 3-8) as well as other observed central 

Arctic algal aggregates (Assmy et al. 2013) and had the highest potential for both light oxygen 
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production and dark oxygen consumption (Table 3-3) at rates which were similar to those observed 

in bottom ice bloom conditions (Campbell et al. 2017). However, production rates dropped rapidly 

after forced acclimation to the low salinity treatments and community composition within the 

culture saw a significant increase in the relative abundance of heterotrophic flagellates in the low 

salinity 5 PSU treatment indicating what would likely become a switch to net heterotrophic 

conditions over a longer acclimation period. 

 

Summary and implications 

Our results regarding microbial community structure in the meltwater layer align well with 

what has been found in previous studies of Arctic freshwater stratification and isolated meltwater 

environments, particularly regarding overall community composition. The ice-derived in situ 

eukaryotic community was dominated by smaller phytoplankton (i.e. autotrophic flagellates) and 

heterotrophic protists (Li et al. 2009; Mundy et al. 2011) while the prokaryotic community was 

dominated by a combination of traditional melt pond taxa (Boetius et al. 2015) and ice-derived 

copiotrophs with the ability to respond rapidly to either the phytoplankton bloom observed at the 

meltwater-seawater interface near the marginal ice zone in July, or congregated ice-algal 

aggregates bound within the strong density gradient of the more northern site’s stratified meltwater 

layer. This active heterotrophy within the meltwater, as confirmed across multiple bacterial and 

ice-algal communities by our in vitro experiments, leads to a stratified surface community uniquely 

primed for metabolic oxygen consumption, impacting biogeochemical cycling at the air-sea 

interface of open and re-freezing leads.  

As climate change enhances the dynamic nature of arctic ice cover due to thinning (Kwok 

et al. 2013) and accelerated motion (Itkin et al. 2017), it is likely that the number and frequency of 

open leads within the central Arctic pack ice will increase. Leads serve as an important hot spot 
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for unrestricted biogeochemical exchange with the atmosphere in an otherwise ice-covered ocean 

basin (Loose et al. 2014). Biological undersaturation at the surface would make stratified leads a 

significant sink of DO compared to the surrounding sea ice (Smith et al. 2023). Increased 

respiration of accumulating algal aggregate material within this layer would also increase the 

likelihood of favorable conditions for the biogenic production of methane and other climate 

relevant gasses. Previous studies have shown that high respiration rates in surface waters can 

increase the pCO2 of growing sea ice (Zhou et al. 2016), impacting sea ice carbon cycling beyond 

just the microbial loop and net potential for net OM export (Rapp et al. 2018).  Trapped OM at the 

air-sea interface can also lead to increased biogenic ice nucleating particle (INP) production, 

impacting cloud formation. On MOSAiC, increased fluxes of biogenic INPs were observed during 

the melt season (Creamean et al. 2022) and future work will look into constraining the microbial 

communities primarily responsible for contributing to this flux (Mock et al. 2022).   

Ultimately, influences of low salinity meltwater on microbial community structure and 

metabolism have the potential to impact far more than just microbial community dynamics in 

Arctic leads. Constraining the scale of these impacts as well as the direct mechanisms behind their 

linkages to other components of the Arctic climate system will be important for determining if, 

and how, these ephemeral features and their contributions to biogeochemical cycles should be 

incorporated into ecological models when making predictions for a warmer, meltier, Arctic.     
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Supplemental Material 

 

Text 3-S1. Methods: Isolation of Attheya monocultures.  

Two- weeks post inoculation into fresh media at University of Warwick, a cell count was 

taken of each of the five Brown Mix communities, irrespective of cell type or species, using a light 

microscope (NIKON Eclipse, Japan) and Neubauer haemocytometer with 3x replicate counts. The 

resultant cell density was diluted with fresh media 1:10 six times, to dilute to extinction and 

achieve a mean cell density of < 1 cell ml-1. Five 96-well culture plates were filled with 0.25 ml of 

the dilute cultures, and 12 wells per plate of sterile media as control. Plate lids were sealed with 

parafilm and stored alongside the parent cultures in the incubator for 3 months without movement. 

Following this growth period, wells identified with singular ‘colonies’ of cells were reinoculated 

into 5 ml of fresh media in a sterile sample tube, and grown for a month before the addition of 

10ml of fresh media.  

In total, 100 isolates were obtained, and checked to be monoclonal cultures by both 

examination under light microscopy, and by flow cytometry (CytoFLEX). No cells were identified 

in any of the control wells, showing that isolates originated from the Arctic culture. In preparation 

for various experiments, ten of the isolate strains were chosen at random, two from each 

community culture. These strains were then grown up to larger culture volumes in 250 ml tissue 

culture flasks. Three sub-samples of each community were prepared, growing at salinities of 20, 

32 and 45 PSU, with stepwise salinity changes of 5 PSU weekly. Eventually, following microscope 

examination and flow cytometry confirmation, two of the strains were selected as suitable for use 

in further experiments. In these experiments, we use isolates from culture 20 isolated from plate 

4, designated “strain 4.20”.  
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Supplemental Figure 3-S1. Full overview of microbial community composition in leads. 

Pie charts show the relative percentage of assigned prokaryotic (a) or eukaryotic (b) taxonomic 

class (or next finest taxonomic ID) from combining all 16S (a) or 18S (b) amplicon sequence 

variants (ASV) read counts from each stratified layer of water collected during lead sampling on 

Legs 4 and 5 of the MOSAiC Expedition. ‘Meltwater’ indicates samples collected above 10 cm 

depth with a salinity of < 15 g kg-1. ‘Seawater’ indicates samples collected from the underlying 

seawater. ‘Interface’ indicates where the two previous layers met, and ‘Surface Seawater’ indicates 

surface samples collected above 10 cm depth following disintegration of the meltwater lens 

(salinity of 21 – 33 g kg-1). Bar charts in (a) show a normalized count of the total cell abundances 

for generally ‘large’ bacterial cells, High Nucleic Acid bacterial cells, Low Nucleic Acid bacterial 

cells, and viruses. Bar charts in (b) show a normalized count of the total cell abundances for large 

nanophytoplankton, small nanophytoplankton, and picophytoplankton.  
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Supplemental Figure 3-S2. Growth curves during the initiation phase of the three algae 

cultures. 

Daily total cell counts (SYBR stained; circles with filled lines) and Autofluorescent cell counts 

(unstained; triangles with dashed lines) are shown on the left for each of the three culture strains. 

Daily total chlorophyll a concentrations for each of the three culture strains are shown on the right. 

Samples were collected over 8-day growth periods in preparation for salinity experiments.  

 

 

Supplemental File 3-S1. Chamberlain_Video_LeadSurveys.mp4 

This file is a compilation of visual lead surveys collected with a go-pro camera at lead sampling 

sites during the MOSAiC Expedition. Lead site and date sample notated in the top left corner.  
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