   Motivation
With this proposal we seek to determine whether the temperature range over which natural phytoplankton communities can grow is set by local conditions or supplied from upstream by ocean circulation, and what that distinction means for the resilience of marine primary production as the warmest parts of the ocean expand. We will base our work on novel field incubations where natural phytoplankton communities across contrasting biogeographical regions are grown along a gradient of temperatures to establish the potential temperature range of each community and how relative community abundances change at different temperatures. In addition, we will use offline particle tracking in simulated velocity fields to identify the thermal history each community has experienced. Finally, we will combine the resulting temperature responses and water mass trajectories to run Lagrangian ecosystem models that integrate our findings. 
The proposal builds on our recent work (Jönsson et al., in review, key findings in the proposal) which establishes that most of the surface ocean can be supplied with organisms from warmer water on sub-annual timescales. Satellite estimates and CMIP6 model simulations of monthly Sea Surface Temperatures (SST) predict that the surface area of waters exceeding 31°C will expand from around 0.1% of the global ocean today to almost 40% by 2100, moving vast regions into a thermal regime beyond which growth is inhibited for many phytoplankton (Figure 1). Most existing work on biological diversity in the ocean focuses on how organisms adapt to new conditions in a Eulerian framework without considering the role that ocean circulation plays in the transport and structuring of water masses (Barton et al., 2010; Boyd et al., 2013; Brennan & Collins, 2015; Irwin et al., 2015; Lohbeck et al., 2012; Thomas et al., 2012). Our findings suggest an additional mechanism where the global ocean's warmest regions act as seed banks playing a central role in ocean resilience work (Jönsson et al., in review). In the face of a changing ocean, marine plankton that currently occupy a particular place may move, evolve and adapt to the new conditions, or be replaced by organisms arriving from warmer waters (Doblin & van Sebille, 2016; Froyland et al., 2014; Jönsson & Watson, 2016; Ward et al., 2021). 

[bookmark: _Ref236645601]Figure 1 Maps of Max Monthly SST in the global ocean for the periods 1985--1990, 2019--2023, and 2095--2100. The two former are based on satellite-derived SST (OSTIA, Good et al., 2020), the latter is output from the CNRM-CM6-1-HR CMIP-6 model simulation for the SSP5-8.5 scenario (Eyring et al., 2016).
A main concept in the proposal is the potential temperature range of a planktonic community. This is the temperature domain over which the community can persist and prosper, either by already being well adapted to current temperatures, by physiological adaptation (the dominating organisms change physiological strategy), or by changes in the community structure (different taxa, size classes, or functional groups become dominant), or migration (better adapted organisms are advected from regions with warmer waters). It is challenging to assess the potential temperature range of a community from thermal-tolerance curves of single species grown in isolation at constant temperatures, instead we will base our work on incubations of natural communities at sea where we can quantify the aggregate response to different temperatures. We focus on temperature rather than other traits for three reasons: it is well established that ocean temperatures have been increasing and there is a consensus in CMIP6 model simulations that this increase will continue; responses by individual phytoplankton species to variations in temperature are well known; SST has large, persistent gradients that help set up natural experiments and can easily be observed with great detail globally. It is also possible to track temperature histories of water masses with high confidence using a Lagrangian modelling framework.
We will contextualize our field experiments by modeling plankton community dispersal, production, and changes in structure via simulated Lagrangian trajectories. The basic premise is that local pelagic communities are constantly advected by ocean currents and hence exposed to rapidly changing and disparate environments. The main mechanisms by which advected phytoplankton communities adjust to these changes are physiological plasticity and shifts in community structure, rather than evolutionary adaptation. We will advect "ecosystems" consisting of organisms with thousands of different traits along already calculated pathways and expose them to changing environmental conditions prescribed by satellite data or output from biogeochemical model runs. Finally, the resulting ecosystems will be aggregated into Eulerian fixed points where the effect of migration and local adaptation will be assessed.
Results from Prior NSF Support.  
Bror Jönsson: Bror Jönsson has no prior support from NSF
Elizabeth Harvey: OIA – 2530313 - “EPSCoR Research Fellows: NSF: Using Metabolomics to Listen in on Marine Microbial Interactions” [01/2026 - 12/2027; $271,143]. Intellectual Merit: This funding supports research using metabolomics to gain a mechanistic understanding of dissolved molecule production as a result of heterotrophic protist predation on phytoplankton. Specifically, this work provides a platform for PI Harvey to expand their research capacity by partnering with experts in metabolomics at GATech to measure the chemical compounds released in the excreta products of heterotrophic protists. This work is ongoing with one central experiment of the proposed work completed, and trips to GATech planned. Broader Impacts: This work supports one graduate student. More broadly, PI Harvey is actively working to expand metabolomic workflows into coursework and make metabolomics more accessible for interested users at UNH. This will provide an expanded workforce and research capacities at UNH. PI Harvey has organized initial meetings with interested researchers and educators to start to build a framework for how UNH can build out this aspect of research expertise at the institution.
Background and Prior Work
A paradox has always existed in biological oceanography: How can the apparently simple structure of marine ecosystems, with relatively well-defined ecological interactions and known mechanistic abiotic controls on production (Eppley, 1972; Geider et al., 1998; Sverdrup, 1953), exhibit such extremely complex and stochastic responses to environmental forcing (Ascioti et al., 1993; Walther et al., 2002)? Our inability to describe such systems is due partly to insufficient observations, and partly to the complex interactions between physics, chemistry, and biology that control these systems. One key challenge in understanding biological processes concerning marine microorganisms is our limited knowledge of the biogeography, biodiversity, and evolutionary ecology of these ecosystems. A crucial component required to address this key challenge is an understanding of dispersal of biodiversity through ocean connectivity, as this introduces organisms with varying capabilities to adapt, physiologically and/or evolutionarily, to new environments. This alters competitive interactions within these dynamic communities, shifting community structure and production. We will address three different mechanisms by which planktonic organisms can respond to changing conditions: evolutionary adaptation – organisms adapt by genetic or epigenetic evolutionary processes; physiological plasticity – organisms adjust their physiology for the new conditions; and community resilience – rare already pre-adapted organisms in the community proliferate in the new conditions and become the dominating taxa.
[bookmark: Xbc8f0a855a4cd7d5de4dc3c5c70020a947a33b7]Effects on genetic diversity in the ocean
A key area where dispersal and connectivity in the surface ocean are a critical factor, is pelagic biodiversity. Two different paradigms are used to explain the structure of planktonic communities in ocean ecosystems. One fundamental idea is that “Everything is everywhere but the environment selects” (Baas-Becking, 1934; Fenchel & Finlay, 2004). That is, different regions of the ocean are connected by ocean currents, resulting in potentially panmictic planktonic communities (de Wit & Bouvier, 2006). It is then the differential response of species to environmental conditions that leads to community structure (McGillicuddy et al., 2007; Thomas et al., 2012). The alternative is that regions of the oceans are not so well connected, and that this isolation then leads to divergent evolution and hence differences in which species are where (Casteleyn et al., 2010; Martiny et al., 2006). Recent work has shown that neither concept is wholly accurate, with several examples suggesting slight spatial structure on global and regional scales in marine microbial communities (Rynearson & Armbrust, 2004; Saez et al., 2003; Sul et al., 2013) and sometimes strong genetic differentiation at small spatial scales (Godhe et al., 2013). Such examples suggest that dispersal limitation is important in specific areas of the ocean. However, many studies have focused on location-specific patterns of community composition, or genetic differences within a single species. The key mechanism itself, dispersal by surface ocean currents, has rarely been explored and quantified (Froyland et al., 2014; Jönsson & Watson, 2016).
[bookmark: Xd3f2c372d7e661282a73a5d2def69098ba9166d]Long tails in marine microorganism biodiversity
The total number of taxa among microorganisms on Earth is not known, and existing estimations are highly controversial. Some studies suggest numbers as high as 109  (Pedros-Alio, 2006). The total biodiversity of microorganisms in a given marine ecosystem can be divided into two groups: a few abundant species that provide most ecosystem functions, and a large “seed bank" of rare species that each play a very small role in the food web (Pedros-Alio, 2006). The former grows actively with high division-rates when nutrients and light are replete but suffer intense losses through predation and viral lysis (Pernthaler, 2005). These are the organisms that generate bloom events and from which most, if not all, laboratory isolates are drawn. The latter group is much less known since they are much harder to study. One can assume that they grow extremely slowly in the conditions where they are found but also experience low rates of loss through viral lysis and predation. This kind of distribution is generally said to have a “long tail" due to the large number of occurrences far from the "head" or central part of the distribution (Figure 2).
[image: figs/Long_tail.pdf]
[bookmark: _Ref235520040]Figure 2 Conceptual plot of number of individuals versus taxon rank according to their respective abundance, to illustrate the long tail distribution of taxa among marine microorganisms. Adapted from Pedros-Alio ( 2006).
The rare taxa can be expected to be sustained primarily through immigration, which is dependent on dispersal via physical advection from other ecosystems. It is not known if the fast-growing taxa in one location become the tail in another. The large number of rare taxa in any given location and global distribution of rare organisms has been a key argument for the previously mentioned saying that “everything is everywhere in the global ocean." The assumption that migration rather than loss rates is the controlling mechanism for rare species is based on the somewhat counter-intuitive hypothesis that viruses depend on encounter probabilities to find a host (Thingstad, 2000). When the number of organisms in a taxon falls below a minimum concentration it 



[image: ]becomes extremely improbable that the virus finds a host organism. This refuge in low numbers provides all taxa with abundances lower than a threshold protection from losses due to virus lysis. Organisms that grow actively and increase abundance above the threshold will quickly be susceptible to this loss again (Thingstad, 2000).
The Importance of Confluence Regions
In a very general sense, phytoplankton communities are shaped by the interplay between their residence times in each environment (controlled by ocean transport) and the time scales of competitive exclusion, phenotypic adaptation and speciation (mediated by biological processes). Earlier modeling work has suggested that the plankton community in any given place is made up of a combination of locally adapted species, and immigrant species less well-adapted to local environmental conditions (Clayton et al., 2013), and predicts large regional differences in the impact of dispersal on biodiversity and community structure. Regions that provide longer residence times (e.g. coastal bays and gyres) might provide conditions for distinct local phytoplankton communities to develop, whereas regions where water masses meet and mix become biodiversity hotspots (Barton et al., 2010; Clayton et al., 2013; d’Ovidio et al., 2010). Because the converging water masses arrive from source regions of contrasting temperature history, they carry the thermal signatures of those separate origins, so a confluence community is expected to show not merely wide but multimodal thermal responses, with modes traceable to its distinct upstream sources. Some of the most important global marine biodiversity hotspots are suggested to be the four western boundary regions: The Gulf Stream, Kuroshio, Malvinas–Brazil, and the Agulhas (Clayton et al., 2013 and Figure 3).[bookmark: _Ref236670000]Figure 3 Annual average diversity (a) in the surface layer of the Darwin model. Diversity is defined as the total number of phytoplankton types with biomass greater than 0.001% of the total phytoplankton biomass. Black contour lines indicate phytoplankton diversity hotspots. From Clayton et al., (2013).

[bookmark: X0f60d9f85aef37ac290be9af43ae65ddcb4a6c5]Temperature as a major driver of community structure and production
The question of how phytoplankton communities respond to new conditions has taken on a new urgency in the light of warming oceans where the warmest regions are predicted to expand dramatically over the coming century (Figure 1). Temperature directly impacts the rate and substrate affinity of enzyme-catalyzed biochemical reactions, and influences membrane fluidity and diffusion rates. Different temperature sensitivities between biochemical reactions shift the balance between metabolic processes, influencing maximum growth rates. The temperature range and optima for phytoplankton growth vary by species and ecotypes (Anderson et al., 2021) and is commonly modeled using the Eppley exponential function (Eppley, 1972; Skákala et al., 2025), which describes how the growth rates of multiple species, each adapted to a particular temperature, would increase with temperature– the "warmer is better" model (Eppley, 1972; Norberg, 2004). There is an implicit assumption when using the Eppley function that, for any temperature change, the phytoplankton species present will automatically (and instantly) shift to those species that are optimally adapted to that temperature. The reality can be more complex, as the time scales of species succession may differ from those associated with the processes that determine temperature changes. Importantly, the individual phytoplankton response curves that underpin the Eppley model provide no evidence that optimal growth temperatures for an ensemble of phytoplankton species would continue to increase beyond, say ~35°C. 
An alternative thermal response function is the Norberg-Eppley model (Norberg, 2004) which reproduces a sharp drop in growth rates once an optimal temperature has been surpassed. Similarly, the enzyme-inhibition model (Blackford et al., 2004) incorporates a rapid decrease in relative growth rates at temperatures greater than 35°C. Importantly, data available to date from phytoplankton growth experiments in cultures (Anderson et al., 2021; Eppley, 1972; Thomas et al., 2012) rarely show optimal temperatures exceeding 30°C. The few that are reported were collected in tropical regions, implying that these few species are currently best adapted to take advantage of the expanding warm regions with temperatures greater than 31°C. We have even less information on adaptation time scales at temperatures above the optimal temperatures for phytoplankton growth, and on limits to adaptability. Sauterey et al. (2023) showed that negative impact on growth rates can be anticipated for individual phytoplankton species at temperatures greater than their optimal temperatures unless their adaptation time scale is shorter than the rate of increase in temperature. They therefore argue that marine heat waves with their shorter time scales would have a greater negative impact on phytoplankton growth rates than the slow warming of the ocean at decadal scales, as it would give phytoplankton more time to adapt. 
It is in this context that physical transport of organisms is a critical process, since the temperature range experienced through advection can be greater than the seasonal temperature range at one location and the ability of an organism to survive advection through different biogeographic zones may be preconditioned by the temperature range experienced in its environment of origin. Doblin & van Sebille ( 2016) found that organisms from mid-latitude oceans, where temperature variability is relatively high (>6.5°C), had a much higher phenotypic plasticity to temperature and are predicted to survive advection better than those from environments of low temperature variability e.g., at low and high latitudes. Thus, a major focus of this proposal is to explore the interplay between temperature, community structure, and production as plankton communities are dispersed via ocean circulation.
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[bookmark: _Ref236661934]Figure 4 Shortest migration times for plankton from patches with at least 1°C higher maximum monthly mean temperature. Blue regions mainly in the Persian Gulf and Red Sea indicate patches where no warmer patch exists. Hatched regions show where plankton must cross from one ocean basin to another, normally from the Indian Ocean.
Connectivity Timescales for Genetic Information
Earlier work has shown surprisingly short minimum connectivity times (MinT) in the global ocean (Froyland et al., 2014; Jönsson & Watson, 2016). Jönsson & Watson used a combination of Lagrangian particle tracking and network analysis to calculate the shortest times to travel from one location to another without considering how probably the pathways are and found MinTs of months to ~10 years with a mean of about 5 years (Jönsson & Watson, 2016).  The results were corroborated by the 2011 Fukushima disaster where traces of radioactivity after a nuclear disaster in Japan were detected at the US West Coast after 3.6 years, compared to a MinT of 3.5 years predicted by Jönsson & Watson. These short connectivity times suggest a highly connected global surface ocean for genetic information where better-adapted planktonic organisms can migrate fast enough to replace local communities when conditions change.
[bookmark: Xaca5ee10c3e489c7ca4d8a7cfe6e347c624bbff]Shortest Time to Move 1°C
These connectivity times can be combined with SSTs to calculate the lower time boundary for organisms to travel from warmer to colder waters. This metric provides insight into the potential for advection's role in structuring marine communities and earlier results show that most regions can be supplied with organisms that are heat-adapted to waters at least 1° warmer over timescales shorter than a year (Figure 4). For a small fraction of the ocean, migration of heat-adapted organisms requires timescales on the order of 1-6 years. Most of these areas are in the tropics, with a concentration in the tropical Atlantic, and are mainly supplied with heat-adapted organisms via warm-water connections traversing from one ocean basin to another. There are a few regions that are local temperature maxima and have the potential to act as critical seed banks of warm-tolerant types to the surrounding waters but are also much more susceptible to extirpation from increasing temperatures (Roxy et al., 2016). In the extreme, we identify the warmest areas of the global ocean (blue symbols), for which no +1°C or warmer patches exist. These regions in the Red Sea and Persian Gulf will function as global seed banks of the most heat-tolerant planktonic organisms and are therefore of extraordinary interest and importance.
To conclude, there is a significant knowledge gap around the processes that control and structure planktonic communities globally. It is virtually unknown what the relative contribution of physiological plasticity, evolutionary adaptation, and migration of more adapted organisms are when a location is affected by a perturbation or permanent change, or what the time scales of recovery are. These are critical questions to answer to better understand the resilience of phytoplankton communities to new environmental conditions and possible tipping points. 
[bookmark: _Ref235541797] Hypotheses
With this proposal we aim to better understand if marine plankton communities are primarily structured by the local environment (Eulerian Frame) or by upstream conditions (Lagrangian Frame). Another question is if the potential temperature range of a community is set regionally or globally. Finally, we will address how future plankton communities might respond to dramatically increased regions of waters > 31°C and how potential local seed banks of warm-adapted organisms interact with the global ocean. We propose to address these questions by developing a research project that will test the following hypotheses: 
H1: - The potential temperature range of an in-situ community is much wider than either (a) the range seen in lab incubations of isolates from that location, or (b) the range predicted from local conditions.
H2: The thermal floors and ceilings of an in-situ phytoplankton community are set by the supply of temperature-adapted organisms from upstream seed regions, not by local conditions. Community resilience by different existing temperature adaptations is generally more important than physiological or evolutionary adaptation by individual organisms.
H3: Where water masses of contrasting origin converge, the pooled upstream sources are thermally diverse, and the community's thermal-response distribution is correspondingly wide and multimodal, with modes traceable to discrete upstream source regions. 
H4: Regions with limited exchange with the global ocean (gulfs, bays, persistent eddies, gyre interiors) that experience a local temperature maximum are seed regions for organisms adapted to present local conditions but have no upstream source of warmer-adapted taxa. Their thermal-response distributions are therefore truncated at the warm end, lacking the advective supply of warmer-adapted taxa that well-connected regions draw on, and therefore dependent on slower in-situ acclimation or evolution to accommodate further warming.
H5: The relative abundance of different taxa and functional types in a local community is partly controlled by the thermal regime a community experiences. Communities sampled in different regions and incubated at a common temperature will develop similar structures to the extent that each seed pool contains taxa capable of that temperature. Convergence therefore fails at the highest temperatures for the warm-truncated communities of H4, which lack the requisite taxa. The most drastic restructuring from an original community structure occurs at the warm end.
Methods and Technologies
To address the hypotheses presented in section 4 we will use a combination of existing methods and tools developed specifically for the project. Our basic approach is to quantify pathways between different regions of the ocean to identify representative locations, perform field experiments at the selected locations, and use the results as a basis to develop Lagrangian Ecosystem models to test our findings. We will use field experiments to characterize how natural plankton communities respond to different temperature regimes and satellite or model fields together with established growth models to drive phytoplankton growth models for each local ecosystem. The tools can be divided into two parts to be applied simultaneously and in close collaboration: A Lagrangian modelling component led by Bror Jönsson and a field component led by Elizabeth Harvey.
Shipboard Mesocosm Incubations
Shipboard incubations will be conducted, by incubating natural phytoplankton communities in eight distinct incubators that are set to a range of temperatures: 5, 10, 15, 20, 25, 30, 35, 40°C. Phytoplankton will be collected from the mixed layer (∼15m) using Niskin bottles, though gentle pumping of water can be used if necessary. Sample water will be placed into 2 L polycarbonate bottles and large grazers will be removed through 200 µm pre-filtrations before addition to the bottle. In each incubator, 21 replicate bottles will be prepared, with additions of nitrogen (10 uM) and phosphorus (1 uM). Incubators will be illuminated with LED lights at saturating light intensity (as determined from relevant cruise data) and day length that corresponds to the latitude for that temperature. Starting with the day of sampling, three bottles from each incubator will be sacrificed for sampling every other day, for a total of seven sampling points per experimental incubation. 
Incubation Measurements	
Measurements taken from each incubation bottle will include bulk community changes in chlorophyll (Chl), particulate organic carbon and nitrogen (POC, PON) and their ratios (C:N), photosynthetic yields (Fv/Fm), and the drawdown of major nutrients (C, N, P, Si). Community structure will also be evaluated using metabarcoding techniques, flow cytometry, and FlowCam measurements, as detailed below. In addition, identical measurements will be taken in situ from surface ocean along with cruise transects. Chl will be measured with a Turner Fluorometer. POC and PON will be collected onto precombusted Glass Fibre Filters (GFF) using an Elemental Combustion Analyzer (Costech, CA). Photosynthetic yields and other photophysiological parameters will be measured using a Fast Repetition Rate Fluorometer (FRRF). 
Estimating Community Structure
Incubation bottles will also be subsampled for estimating microbial population abundance and diversity. Three main metrics will be employed, enumerating smaller pro- and eukaryotic cells using flow cytometry, enumerating and imaging larger eukaryotic cells via FlowCam imaging, and using metabarcoding to capture the diversity of both the pro- and eukaryotic community.
To capture group-specific abundances of small (<15 um) bacteria and phytoplankton, 200 µL aliquots from the incubation bottles will be added to a 96- well plate and run on a Guava flow cytometer. Samples will be run at a low flow rate (0.24 µL s-1) for 3 min. Three major phytoplankton groups will be distinguishable based on previously documented plots of forward scatter versus orange (Synechococcus spp.) or red (picoeukaryotes and nanoeukaryotes) fluorescence signals. Approximately, 50 uL of sample will also be stained with Sybr Green I and run on the Guava with the same parameters to capture heterotrophic bacteria abundance.
An automated FlowCam will be used to estimate the abundance of phytoplankton between 20-300 µm inside in each incubation bottle. Samples will be run live after being prefiltered through a 300-µm mesh. Samples will be analyzed (10 mL) in triplicate on Autoimage using a 300-µm flow cell and a flow rate of 2 mL min-1. 
For metabarcoding analysis, 1L of sample will be gently vacuum filtered through 47 mm, 0.2 µm polycarbonate filters, and immediately flash frozen, and kept at –80°C until extraction. Back at the lab, DNA will be extracted using the ZymoBIOMICS DNA Miniprep kit following the manufacturers protocol. Both 16S V4-V5 primers (Parada et al., 2016) and 18S rRNA V4 (Stoeck et al., 2010) will be used on each sample. DNA concentrations will be measured on a Qubit HS kit. Filters will be processed randomly, and blanks (extraction and field) will be included and processed similarly. Samples will be submitted on 96-well plates to the Michigan State University RTSF for secondary PCR and sequencing on the AVITI (2 x 250 bp).
Demultiplexed 16S and 18S FASTQ files will be imported and processed separately in QIIME 2 (Bolyen et al., 2019b, 2019a). Amplicon sequence variants (ASVs) will be inferred with paired-end DADA2 (Callahan et al., 2016). Truncation lengths of the forward and reverse reads will be defined based on read-quality profiles; otherwise, default DADA2 parameters will be used. Protist taxonomy will be inferred using QIIME 2-compatible files from the Protist Ribosomal Reference (PR2) database (Guillou et al., 2012), while prokaryotic taxonomy will be assigned using the SILVA database (Pruesse et al., 2007). For both gene regions, a Naïve Bayes Classifier will be used to train the sequences against reference databases using the feature-classifier plugin in QIIME 2 (Bokulich et al., 2018). QIIME 2 taxonomy and count table artifact files (.qza files) will then be imported into R for statistical analysis.
Model and Satellite Fields 
Velocity Fields An important resource for the proposed work is the freely available velocity and temperature fields from Ocean General Circulation Models (OGCMs). It is critical that the velocity fields provide realistic and accurate information with high enough lateral resolution so that eddies and fronts are resolved. We will use the Mercator Global Ocean Physics Reanalysis product (GLORYS12V1) provided by the Copernicus Marine Environment Monitoring Service (CMEMS), an operational data assimilated global ocean eddy-resolving (1/12° horizontal resolution, 50 vertical levels) reanalysis covering the time range from 1993 to current time. The product includes daily horizontal and vertical velocities together with salinity, temperature, and mixed layer depths. Copernicus also provides a coupled physical-biogeochemical operational system with a ¼° horizontal resolution. The product is disseminated as daily and monthly averages of the main biogeochemical variables: chlorophyll, oxygen, nitrate, phosphate, silicate, iron, ammonium, net primary production, euphotic zone depth, phytoplankton carbon, pH, dissolved inorganic carbon, surface partial pressure of carbon dioxide, and zooplankton. We will use these fields to evaluate our Lagrangian ecosystem model.
Darwin In addition to GLORYS, we will use output from the Massachusetts Institute of Technology (MIT) marine ecosystem model (Darwin). This model is specifically designed to simulate the behavior of complex marine plankton ecosystems and has been thoroughly evaluated for such use cases. The model includes 31 phytoplankton types, analogues of the pico-cyanobacterium Prochlorococcus, Synechococcus, 2 sizes of green algae (picoeukaryotes), 5 sizes of coccolithophores, 5 diazotrophs, 9 diatoms and 8 mixotrophic dinoflagellates to represent the wide range of phytoplankton sizes, we defined 14 size classes ranging from 0.6 µm to 104 µm ESD, evenly distributed on a logarithmic scale. Darwin also captures trophic interactions through 3 size classes of heterotrophic bacteria (0.4 µm to 0.9 µm ESD) that remineralize organic matter and 16 size classes of zooplankton (4.5 µm to 1,636 µm ESD) that graze on prey following a Holling type II function.
[bookmark: contemporary-sea-surface-temperatures]Sea Surface Temperatures We will use data from the Operational Sea Surface Temperature and Ice Analysis (OSTIA), a 1/10° blended satellite product with close to full daily global coverage, as the source for historical and contemporary sea-surface temperature (SST). Monthly pixel-by-pixel averages of global fields for the years 1985–1990 and 2019–2023 are used to calculate Maximum Monthly Mean Sea Surface Temperature (MaxMonSST) by selecting the temperature for the warmest month in each grid cell over the six-year periods. MaxMonSST represents the warmest conditions that organisms can be expected to experience over a prolonged period under normal conditions. We choose these monthly means since most planktonic species are more vulnerable to warming than to cooling as discussed earlier, and we assume that plankton communities are still productive during the warmest month of a normal year.
Chlorophyll We will use Chlorophyll from the Ocean Colour Climate Change Initiative (OC-CCI) in our Lagrangian modelling studies. This is a blended product with 4 km resolution using sensor data from the Sea-viewing Wide-Field-of-view Sensor (SeaWiFS), the Aqua Moderate-resolution Imaging Spectroradiometer (MODIS-Aqua), the MEdium spectral Resolution Imaging Spectrometer (MERIS), the Suomi-NPP Visible Infrared Imaging Radiometer Suite (NPP-VIIRS), and the Ocean and Land Colour Instrument (OLCI). The different instruments are merged after band-shifting normalized remote-sensing reflectance (Rrs) to the spectral bands of MERIS and correcting for inter-sensor biases. All individual grid cells are classified optically using a fuzzy-logic approach and a combination of the best chlorophyll algorithms for each class is used along with class membership at each pixel to generate chlor_a. We will also include other satellite products such as light attenuation (Kd_490), Photosynthetically Available Radiation (PAR), and Euphotic Depth 
Lagrangian Particle Tracking of Water Masses
We will use the offline particle tracking code TRACMASS (http://tracmass.org) for Lagrangian analysis in the project. This is an OGCM-agnostic system that can leverage velocity fields from most finite-difference models with vertical Z or Sigma coordinates without any interaction with the original model. The code is highly efficient and needs only limited compute resources. It is, for example, realistic to follow billions of particles for hundreds of model years using a standard desktop computer (Jönsson & Watson, 2016). It is also trivial to change the resolution and domain to adjust for different runtime and CPU requirements just by selecting how many particles to follow. We will use simulated particle trajectories to estimate the timescales and pathways of surface dispersal between regions of interest, identify a suite of Lagrangian thermal histories that in aggregate create a specific water mass at a specific time, and as the basis for our Lagrangian Ecosystem models.
[bookmark: _Ref236900149]Oceanic Distances
A critical question in connectivity research is how to define the “distance” between two locations in the ocean, be it in time or space. Our preferred metric has so far been the shortest time taken for water to travel from one patch in the surface ocean to another or Minimum Connectivity Times (MinT) (Jönsson & Watson, 2016). This minimum connection time is a variant on the standard measure of ocean distance: the expected transit time for water to travel from one patch to another. We use the minimum and not the expected connection time for two reasons. First, MinT is a more appropriate metric for phytoplankton and bacterial connectivity since asexually reproducing organisms have high reproductive output that attenuates low dispersal probabilities, and only a few individuals are required to “connect” two places, especially in terms of population genetics. It is possible for seed organisms to exploit dispersal routes where the probability of reaching a given destination is very low. Second, expected transit times in the global ocean are not well-defined, as water can recirculate for an infinitely long time; hence, there is no statistical support to limit the time over which to calculate expected connection times.
[image: figs/example_pathway.png]
[bookmark: _Ref235522507]Figure 5 Example of fastest path from Hawaii to the Southern Ocean, as identified by Dijkstra’s algorithm. Each change in color represents a “joint” in the connectivity matrix where individual particle trajectories have been combined.
Estimates of minimum connection times can be stored in the form of a standard connectivity matrix where each i,j element represents the shortest transit time between a given source patch i and destination patch j. The resulting connectivity matrix is highly sparse and to estimate connection times between all pairs of patches globally a currently infeasible number of Lagrangian particles would be needed (Jönsson & Watson, 2016).
[bookmark: shortest-path-algorithm]Shortest path network algorithm. To address the problem with few connections, we use a shortest path algorithm to calculate missing values in the connectivity matrix. Here, the network is the global ocean, patches in the ocean nodes, and minimum connection times edges connecting the nodes. Applied to this network, shortest path algorithms identify the shortest path between every global ocean patch-pair, accounting for all possible multi-step connections (Figure 5). An analogous example is if nodes represent cities, and edge-weights represent driving distances along roads connecting pairs of cities, then the algorithm can be used to find the shortest route between one city and all others. We use Dijkstra’s algorithm, one of the most used shortest path algorithms, which fits our specific application. The result is a connectivity matrix where all possible minimum connection times between patches are calculated. Minimum connectivity times can be combined with the original particle trajectories that the connectivity matrix is based on to identify the fastest path between each patch (Figure 5). Earlier work suggests these pathways to be critical in the transport of genetic material adapted to specific conditions, and to replenish the long tail with rare species (Jönsson & Watson, 2016).
Each joint along the minimum-time routes is unlikely, and the sum of joints aggregate to a conditional multistep probability that would be very low. We assume that the effect of these low probabilities is mitigated by the large reproductive output of microorganisms drifting with ocean currents. Over the time scales that we are considering, microorganisms moving with water masses can grow by millions. Hence, there will still be planktonic organisms traveling along the potentially low probability paths identified here. Indeed, if one considers the dispersal of genetic material, there need only be a small number of individuals traveling along these fast routes, to make them evolutionarily relevant.
[bookmark: sci:prob]Most Likely Pathways. In addition to MinT, we will explore the concept of Most Probable Pathways (ProbP). Here the idea is to identify not the fastest, but most probable pathway between two locations in the ocean. This distance will give an assessment of the most likely upstream conditions that a specific water mass has experienced and what the community structure might have been. MinT provides information of all temperature regimes that have contributed to a specific location over a certain time scale, ProbP will tell us which temperature regime has contributed the most and how long time it has taken.
To calculate these slower but more probable paths, we will include both the time it takes to travel from one patch to another and the likelihood of each specific route being taken. This new method will be based on our calculations of minimum connectivity times but also count the number of particles that travelled between the patches in a similar time range as the fastest particle (e.g., the minimum connectivity time + 10%). It is clear from our earlier results that particles normally are advected in clusters, with the patches in effect connected by a “wave" of particles. The ratio between particles reaching another patch within the time range and the number of particles seeded can be used to estimate the probability of a phytoplankton community being advected along that path. To find the most probable pathways and to fill the sparse connectivity matrix, we will use network theory. 
Lagrangian Ecosystem Models
Our field measurements and estimates of ocean connectivity will be joined and set in context by using ecosystem models in a Lagrangian frame. The approach is based on a concept where individual water masses containing a plankton community are advected along pre-calculated trajectories. Model and satellite fields are sampled along the physical pathways, and the resulting time series are used to drive a 1D ecosystem model. The phytoplankton community structure can be initiated either from field data or using data from existing Darwin runs. We plan to use the DAR1 1D implementation of Darwin, this is an easy-to-use framework that maintains all of the ecological and chemical complexity present in the MIT-Darwin model while removing the computational and physical complexity (Duckworth et al., 2023). DAR1 is ideal for model-based testing of ecological predictions from field and experimental observations while also providing access to modeling tools for the non-expert. The setup combining DAR1 with existing particle trajectories allows us to run tens of thousands of model experiments along different pathways to create statistical distributions.
Work Plan
The proposed project is ambitious and only possible through the interdisciplinary collaboration between PIs Bror Jönsson and Elizabeth Harvey, both at the University of New Hampshire, and by leveraging expertise by the Darwin group at MIT. The work will broadly be divided into three phases: Initial particle tracking to identify locations for field experiments and to be used by the Lagrangian ecosystems models; field experiments to identify how natural communities respond to different temperatures to assess potential temperature adaptation; and finally, Lagrangian ecosystem modeling to analyze how physical connectivity and environmental conditions set the community structure in the locations where we will conduct field experiments. The execution will be conducted in close collaboration between the participants and with constant iterations between modeling and field experiments. The conceptual workflow of the project is as follows:
A. Develop a probabilistic definition of oceanographic distances, generate Lagrangian trajectories using velocity fields from GLORYS, and calculate connectivity matrices using both fastest and most probable distances. Expand the connectivity matrices to pathways combining the fastest or most probable trajectories that are being used by Dijkstra’s algorithm (see Figure 5). 
B. Match all trajectories and oceanographic distances with SSTs to calculate the thermal history different regions and water mass have experienced. (For example, the temperature footprint over different timescales that location in the Florida straits have, or the temperature history of a specific water mass that currently is in the Gulf of Guinea).
C. Start lab tests of the incubators at the University of New Hampshire using local water with natural communities. Iterate on designs and sampling protocols.
D. Use statistics from the Lagrangian trajectories, oceanographic distances, and temperature histories to select final candidate sites for the field experiments. Include assessments of logistical and security challenges in the decision. 
E. Conduct mesocosm experiments on natural communities at each of the selected field sites.
F. Combine gridded physical, chemical, and biological data such as salinity, light, nutrients, NPP, Chl with the calculated trajectories to generate Lagrangian time series based on the particles’ locations in time and space.
G. Run Lagrangian 1D ecosystem models along the Lagrangian time series based on trajectories. Apply both growth rates suggested by the Darwin model and rates constrained by the onboard mesocosm experiments.
H. Compare our results with the Darwin model and data from recent field campaigns that have mapped biodiversity in the global ocean ((McNichol et al., 2025; Richter et al., 2022; Tara Oceans Consortium & Tara Oceans Expedition, 2014).
Year 1 will see initial particle tracking runs and initial tuning of modeling frameworks by BJ. In addition, the probability metric for oceanic distance will be formalized, coded and tested by BJ together with the Post Doc. EH and the graduate student will start the construction of mesocosm chambers with help from the Post Doc and BJ. All team members will decide on the field sites and the Post Doc with help from the Grad Student will start logistical planning of the field experiments.
In Year 2, the postdoctoral researcher will work closely with BJ to start developing Lagrangian production models based on DAR1. BJ will acquire auxiliary geospatial satellite and model fields to be used as forcing conditions for the ecosystem models. The Grad student will, together with EH, run initial incubation experiments at UNH to work up the methodology and finalize sampling protocols. The Grad student will also use the lab experiments to get acquainted with the molecular techniques and to set up an analysis workflow together with BJ. We plan to start conducting field experiments by April when there are opportunities.  The Grad student and Post Doc will take turns to participate in the cruises with BJ as backup and support if needed. The entire modeling system is planned to be functional mid-Year 2, and the Post Doc with BJ will start running ecosystem model simulations as soon as data from the field experiments are available. 
In Year 3, the final field experiments will be conducted by the team and analyzed by the graduate student supported by EH, to be completed mid-Year 3. Once finished, the graduate student will assist the Post Doc in running and analyzing ecosystem simulations with supervision from BJ. Finally, the whole team will jointly assess and validate the Lagrangian and 1D model results against output from the full Darwin model. 
Frequent meetings, writing of papers, and presentation of results will be undertaken throughout the course of the project. Both the graduate student and the postdoctoral researcher will be given the opportunity and will be expected to take the lead on at least one, probably two, publications each. 
Locations for the Field Work (Task D)
An important consideration for our proposed project is to select field sites that let us test if the local environment or upstream conditions provide a better explanation of the observed community structure and temperature ranges. For this, we will seek two very different kinds of environments. At one extreme are seed regions experiencing a global or local temperature maximum with little exchange with the rest of the ocean. These waters should be dominated by locally adapted, heat-tolerant communities with the potential to act as a source of genetic material for surrounding waters under changing environmental conditions. The potentially warm-skewed community structure in these regions would be instrumental in testing H4. At the other extreme are confluence regions, where water masses of contrasting origin and temperature history meet and mix, producing the thermally diverse, multimodal communities needed to test H3.
The scientifically ideal selection of sites would be a global scope using The Red Sea as seed region and the Agulhas as a confluence region. The Red Sea, which could be reached via a KAUST-organized cruise, has some of the warmest waters in the ocean, is relatively homogeneous with little inflow, and is heat-adapted. The Agulhas current off South Africa is a true convergence zone of waters from the Indian Ocean, ACC, and the Southern Ocean waters spanning the full range of temperature domains. A second, more local pair would be the Florida Current as seed region, carrying a homogeneous, easily fingerprinted heat-adapted community out of the Gulf of Mexico compared against a New England confluence, where that signal mixes with cooler water masses and we can read how the end members have combined.
Representatives for organizations that conduct field work in the Red Sea, South African waters, Florida current, and North Eastern coast of the US have committed to provide us Ship of Opportunity access under the condition that their cruises keep being funded. We realize that the preferred sites entail logistical and security risks and have several contingency plans prepared in case the cruises we depend on are cancelled or the geopolitical conditions worsen, some alternatives are:
Seed regions. Adriatic Sea (Croatian or Italian cruises); Gulf of Guinea (coastal cruises from Accra, Ghana, or a Falkor (Too) cruise in 2027).
Confluence regions. Kattegat (Tjärnö marine station, Sweden), where waters from the Baltic and the North Sea meet across a strong temperature and salinity gradient; L4 (Western Channel Observatory, Plymouth), a confluence of Celtic Sea, Bay of Biscay, and North Sea waters where trajectories from the mid-Atlantic and Sargasso Sea are occasionally detectable.
Final site selection will be based on a systematic particle-tracking analysis of each candidate domain where we account for its connectivity, thermal footprint, and the water-mass histories feeding it. We will combine this with a logistical and security assessment, so that the chosen sites are both scientifically optimal and operationally realistic.
Ecosystem Modeling (Task G)
We will run individual ecosystem simulations using the DAR1 model forced with different environmental variables structured as timeseries. Our first task will be to run Eulerian simulations for each field site using realistic local temperature timeseries for the locations. The model runs will start 12 months before the time of the incubation experiments and end at the time when the experiments begin (t=0). The simulation will be repeated but using environmental timeseries including temperature derived from particle trajectories advected backwards in time (i.e. the trajectories start upstream and end at the field site at t=0). These pathways will give an indication of the geographical footprint of the community we have sampled and the distribution of its thermal history. We can then compare the Eulerian and Lagrangian models to see which have the best skill to predict the observed community structure and other characteristics at t=0. 
Next, we will run the models forward over the same time-period as the incubation experiments using the same temperature ranges as the incubators. We will initiate the experiments using all community structures from the first suite of experiments (observed communities at t=0, Eulerian simulations at t=0, and Lagrangian simulations at t=0). The evolution of the community at each temperature will be compared with the observed evolution in the incubations. 
For a third set of experiments, we will identify pathways from the seed regions to the confluence regions and run Lagrangian simulations along the particle trajectories using DAR1 and Lagrangian timeseries of environmental properties, initiating the simulations using both community structures from the full Darwin model and from our field samples. We will sample the full Darwin model along the same trajectories to generate analogous timeseries of how that model simulates the plankton community. The Lagrangian timeseries have much higher spatial resolution (a few km) than the full Darwin model (~1°) which means that the time a water mass is exposed to the same local conditions in the full model is much longer than in the Lagrangian model. We assume therefore that the Lagrangian model will be biased towards responding to upstream conditions (the community structure is the result of different environmental conditions than what is in the location where it currently is). The full model will, on the other hand, be biased towards local conditions since the local conditions in the current location and the location for example 5 days earlier derives from the same grid cell in the model. By comparing the two resulting timeseries and evaluating which approach predicts the conditions in the confluence region, we expect to assess the relative importance of local and upstream environmental conditions in structuring the planktonic communities.
Finally, we will re-grid the Lagrangian model simulations to the full Darwin model to compare how different the two approaches are, where they differ most, and what the timescale of divergence is. 
Testing our Hypotheses 
We will test the hypotheses by comparing, at each site and temperature, three predictions of community structure against what the incubations produce: a purely local 1D model, a blended-trajectory model, and the field observations. This mirrors the incubation experiment inside the models and lets us attribute community structure to local versus upstream drivers.
H1 and H2 (potential range and upstream supply). For each site we backtrack water masses to obtain their thermal footprints, then run local 1D models forced by local conditions to predict community structure across a temperature gradient — mimicking the incubations at, e.g., 25 and 30 °C. We then repeat the prediction using blended Lagrangian back-trajectories, in which the community integrates the varied conditions experienced along many upstream particles rather than a single local history. If the blended, supply-aware model predicts the observed thermal responses better than the purely local model, that supports H2: the community's floors and ceilings are set by upstream supply, not local conditions. The incubations themselves test H1 directly, by establishing a potential temperature range wider than local conditions or isolate-based expectations.
H3 and H4 (confluence breadth vs. seed-region truncation). Comparing confluence sites with seed regions  tests whether confluence communities show the wide, multimodal thermal-response distributions of H3, and whether seed-region communities are truncated at the warm end as in H4. Forward trajectories test the H4 mechanism directly: whether a local maximum has any advective connection to warmer-adapted source communities.
H5 (convergence under common temperature). Incubating communities from all domains at common temperatures tests whether they converge on similar structures where each seed pool contains taxa capable of that temperature, and whether — as H5 and H4 jointly predict — convergence fails at the warmest temperatures for the truncated seed-region communities. A third possible outcome, that all domains restructure toward a similar assemblage at high temperature regardless of origin, would indicate a global rather than provenance-dependent response; the models and incubations are designed to distinguish these.
Broader Impacts
The proposed work addressing relationships between physical advection and controls on phytoplankton communities and the importance of organisms in the warmest parts of the ocean for global resilience will have broad applications within the biological oceanography community. Furthermore, we will actively broaden the impact of our work in two ways:
Students Building Better Incubators. A central part of the proposed work is bringing together both theoretical modeling and quantitative field measurements to help answer a question that would be difficult to resolve via only one of these methods. In that spirit, we propose to participate in a popular UNH course (TECH 797: Undergraduate Ocean Research Project), which is a year-long course that pairs ocean engineering students with marine scientists to work together to develop and test technologies that address emerging challenges in marine research.
Over the course of two academic years, we will mentor two teams of students through the design, prototype, and iteratively improve a shipboard temperature-gradient incubation system. This system will be capable of exposing natural phytoplankton communities to a continuous temperature gradient while maintaining identical irradiances across all experimental treatments. This instrument directly addresses a critical limitation in current incubation methodologies and, if successful, will become a shared resource tool supporting the proposed project as well as future investigations of marine microbial responses to temperature changes.
Students will participate in all phases of the engineering design process, identifying user requirements, developing design specifications, and constructing prototypes. Both PIs on this grant will co-advise the students and support the team. This will involve weekly group check-ins and consultations. The educational impact of this activity will be assessed by measuring student learning gains through pre- and post-course surveys, evaluating interdisciplinary collaboration skills, and understanding of marine research challenges. Course instructors will evaluate student products using established rubrics, and external course mates will provide feedback regarding instrument function and design. As a part of our mentoring activities, we will offer two students from the team the opportunity to work as summer interns in the lab to work more intensively on further developing the incubation systems.  
Workshops to Bring a Scientific Community Together. In addition, we will start building a collaborative research community around the topic of phytoplankton population dynamics in the warmest oceans. We will hold a virtual workshop that will bring together researchers (e.g. biological oceanographers, physical oceanographers, climate modelers etc.) working in tropical and subtropical systems. Sessions will include invited presentations, panel discussions, and breakout working groups. The goal of this first meeting will be to identify major knowledge gaps, methodological challenges, opportunities for collaboration, and future research priorities. Emphasis will be placed on integrating observational, experimental, and modeling approaches to understanding phytoplankton resilience in a rapidly warming ocean. Workshop recordings and a summary report will be made publicly available to maximize accessibility and encourage continued engagement among participants. Workshop effectiveness will be evaluated through participant registration metrics, institutional/geographic diversity, and post-workshop surveys assessing participant satisfaction, knowledge gained, and anticipated impacts on future research.
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