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We demonstrate the ability of flow cytometry to determine species specific cellular carbon and chlorophyll content in vivo by using laboratory cultures of phytoplankton encompassing a wide range of cell sizes. When applied to the large Atlantic Meridional Transect flow cytometry dataset, we reveal patterns in the species-specific phytoplankton carbon (C), chlorophyll (Chl) and C:Chl ratio. For Prochlorococcus the range of C:Chl is between 2 – 604; for Synechococcus 0.5 – 558. Using a Random Forest machine learning approach, we show that predictability of phytoplankton C:Chl, dominated by the prevalence of Prochlorococcus, is largely driven by silicate and nitrite concentration in the Atlantic Ocean.
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Introduction

The ocean’s soft tissue carbon pump (Volk and Hoffert, 1985) removes atmospheric CO2 through particle sinking and is governed by the balance of photosynthesis and respiration, abiotic factors such as temperature (Geider, 1987), and biogeochemical factors such as elemental stoichiometry (Collos et al., 1999). The phytoplankton carbon-to-chlorophyll-a ratio (C:Chl) is a key parameter determining photosynthetic rate (Jassby and Platt, 1976) and is widely applied in biogeochemical modeling (Behrenfeld et al., 2005) and for the quantification of phytoplankton biomass (Riemann et al., 1989; Jakobsen and Markager, 2016).

Plankton cellular C content is closely related to cell volume (Menden-Deuer and Lessard, 2000) and is therefore likely to be strongly correlated with a cell’s light scattering characteristics. Phytoplankton cells are of a size (0.5 – 20 µm) relative to visible light (400 – 700 nm) which means they scatter in the Mie regime (Mie, 1908); the scattering phase function (i.e., the directionality of the scattered photons) is determined by the cell’s size and refractive index (e.g., Bohren and Huffman (1983)). Flow cytometry is a proven tool in marine biology for discriminating and enumerating the smallest phytoplankton cells based on their light (forward and side) scattering and fluorescence (red, orange, green) signatures (Tarran et al., 2006) and has been previously used to determine cell size and refractive index (Ackleson and Spinrad, 1988; Green et al., 2003; Agagliate et al., 2018; Smyth et al., 2019), as well as C quotas (Garrison et al., 2000; DuRand et al., 2001; Shalapyonok et al., 2001; Landry and Kirchman, 2002; Worden et al., 2004; Grob et al., 2007; Casey et al., 2013).

In this paper laboratory phytoplankton cultures were used to estimate C quotas based on forward scatter, and chlorophyll based on side scatter. These laboratory derived relationships were then applied to a large flow cytometry time-series dataset (Smyth et al., 2019) constructed using multiple expeditions of the Atlantic Meridional Transect (AMT) (Rees et al., 2017). The nature of the AMT long-term time-series of expeditions (Rees et al., 2017) ensures that there are multiple sources of contextual (or meta) data available for each transect (Smyth et al., 2017) across multiple ocean provinces (Longhurst et al., 1995).

This work makes the following significant advances in that it:

	(1) Reveals a robust relationship between flow-cytometrically measured forward scatter and phytoplankton cellular C content which is replicated on multiple instruments and is log-linear across two orders of magnitude in scatter and five orders of magnitude in C content, i.e., across several phytoplankton size classes.

	(2) Reveals a similarly robust relationship between flow-cytometrically measured side scatter and phytoplankton (normalized) fluorescence (nFl) which is replicated on multiple instruments and is log-linear across four orders of magnitude in scatter and four orders of magnitude in nFl.

	(3) Quantifies the depth resolved C and Chl content of different phytoplankton populations over multiple AMT expeditions throughout the length of the Atlantic Basin, over multiple ocean provinces.

	(4) Determines the dominant drivers of C:Chl through the multiple Atlantic Ocean provinces using Machine Learning approaches.







Materials and methods

Flow cytometry measures the light scatter (forward and side) and fluorescence characteristics of a population of cells or particles on an individual basis by injecting fluid (seawater)-suspended samples, ideally flowing one cell at a time, through a laser beam. A combination of fluorescence (typically: green, orange and red) and side scatter properties are used to further classify the phytoplankton cells into different types and hence enumerate abundances (Tarran et al., 2006). Previous work (Ackleson and Spinrad, 1988; Green et al., 2003; Agagliate et al., 2018; Smyth et al., 2019) has shown that well characterized instruments can determine the size and refractive index of individual phytoplankton cells and populations by measuring their differential forward (dCsca/dΩ3) and side (dCsca/dΩ4) scatter (Bohren and Huffman, 1983) using equations for a detector i of form:

 

where S(i) is channel value, I(i) laser intensity, G(i) the detector gain, subscript r is a reference particle of known size and refractive index, for each particle p (here phytoplankton cell) of interest. In this work we relate dCsca/dΩ3 and dCsca/dΩ4 to cellular carbon and chlorophyll content.




Laboratory cultures

Average cellular carbon quotas (Ribalet et al., 2019) were determined for six axenic, exponentially growing cyanobacteria cultures (Prochlorococcus MED4, MIT9312, AS9601 and NATL12A, Synechococcus WH7803 and WH8012) and four different eukaryotic phytoplankton cultures (Micromonas pusilla, Navicula transitans, T. pseudonana 3367 and 1135) (Table 1). Cells were grown under continuous light (150 µmol quanta m-2 s-1) in nutrient replete media (Pro99 (Moore et al., 2007) and F/2 media (Guillard et al., 1975) for cyanobacteria and eukaryote species, respectively) and harvested during late exponential phase. Cells were filtered onto pre-combusted 0.3 μm GF-75 or 0.7 μm GF/F filters and analyzed on a Carlo Erba CHNS analyzer (model NA1500) in the Oregon State University Stable Isotope Laboratory using cystine (29.99% carbon and 11.66% nitrogen by weight) as an analytical standard. For each culture, aliquots of growth media filtered through three pre-combusted GF-75 and GF/F glass fiber filters were used as blanks to correct for background carbon concentration on filters before filtration and DOC adsorption onto filters. Carbon quotas were obtained by normalizing the concentrations of blank-corrected particulate carbon to cell abundance measured with a BD Influx cell sorter (Ribalet et al., 2019).


Table 1 | Phytoplankton cultures used to derive scattering relationships shown in Figure 1.



nFl was estimated using the log amplified median values of red fluorescence measured by flow cytometry (692 ± 40 nm band-pass filter), normalized to the median values of log amplified 1 µm calibration beads (Invitrogen F8823). Regression analyses were performed between forward scattering and cellular carbon content and between side scattering and nFl (Table 2).


Table 2 | Regression statistics for five flow cytometers using the laboratory cultures shown in Table 1 and Figure 2 in log10 space to use with equation of form 10c(dCsca/dΩn)m or 10c(FS)m.



The samples were then preserved (0.25% Glutaraldehyde, 0.01% Pluronic F68 final concentrations (Marie et al., 2014)) and transported to the Plymouth Marine Laboratory so that an independent analysis of flow cytometer scattering could be carried out, and to test for the applicability and subsequent transferability of our methodology.





In situ AMT samples

Two Becton Dickinson FACSort™ flow cytometers (serial numbers B0264 and B0043), with identical optical geometries, were used to enumerate depth-resolved vertical profiles of pico- and nano-phytoplankton for multiple AMT expeditions (AMT18 – 29). The individual samples were collected from Niskin bottles attached to an oceanographic rosette sampler into clean 250 mL polycarbonate bottles (Nalge Nunc International, USA) at multiple depths between the surface and 200 m. These were then stored at 4°C in the dark and analysed within two hours of sample collection. Samples were analysed at flow rates calibrated daily using Beckman Coulter™ Flowset™ fluorospheres (polystyrene) of known concentration, prior to the analysis of seawater samples. The polystyrene beads of known refractive index, used within the flow rate calibration, are critical for maintaining the consistency of the FACS forward and side scattering calibration and give the reference values (subscript r terms) necessary to implement Equation 1.

The FACS uses an air-cooled argon-ion 15 mW laser (488 nm) light source with detectors arranged to measure forward scatter (ψS3= ± 1.5-12.2°) and side scatter (ψS4 = 64-116°); red (>650 nm; note the slightly different but overlapping (692 ± 42 nm) configuration to the laboratory culture flow cytometer) and orange (585 ± 21 nm) fluorescence. For individual samples, cluster analyses were carried out (Smyth et al., 2019) to enumerate abundance and mean values of dCsca/dΩ3 and dCsca/dΩ4. Using differential scatter (side and forward) calibrated against polystyrene beads, enables correction for any change in gain settings the individual flow cytometer operator may have used, for example to enhance manually gated species identification, and ensures continuity between multiple expeditions. The main phytoplankton types analysed were Prochlorococcus and Synechococcus; a generic Other phytoplankton type was also enumerated (see Smyth et al. (2019) and Tarran et al. (2006) for details). On the AMT expedition, the FACS operator typically analyses samples using two gain settings: Pico and Nano [see Table 1, Smyth et al. (2019)]. The Pico setting is used for detecting the smallest phytoplankton sizes (Prochlorococcus and Synechococcus; typically 0.5 – 2 µm) whereas the Nano for slightly larger sizes (> 2 µm; Other). The Pico gain setting is an order of magnitude higher (1 cf. 0.1) than Nano, and also the photomultiplier tube voltages are higher. The regressions determined for the laboratory cultured cells were then applied to the large (33 k samples) AMT FACS dataset.

For each discrete in situ sample the weight of carbon and the concentration of chlorophyll attributable to Prochlorococcus, Synechococcus and Other was calculated using the five stages shown schematically in Figure 2. Stage 1: the cluster analyses described in Smyth et al. (2019) were used to group the phytoplankton into Prochlorococcus (Pro.), Synechococcus (Syn.) and Other (Oth.) populations, the results of which (Stage 2) gave a triplet of measurements for abundance (N), mean dCsca/dΩ3 and mean dCsca/dΩ4. Stage 3: the flow cytometer dependent statistical fits to the logarithmic regressions for cultured cells (Figure 1; Table 2) were applied to the mean dCsca/dΩ3 and mean dCsca/dΩ4 to determine the weight of carbon per cell (pgC cell-1) and nFl respectively. The total weight of carbon for each type was calculated using the abundance (cells m-3) multiplied by the weight of carbon per cell to give mgC m-3 for Cpro, Csyn and Coth. For chlorophyll, two further stages were required. Stage 4: weighting functions for abundance and normalized fluorescence were constructed based on the percentage contribution to the whole for both those parameters for each type. Stage 5: the two weighting functions were multiplied together and then multiplied by the coincidentally measured (using the rosette sampler) fluorometrically derived chlorophyll concentration (Welschmeyer, 1994) for each type. This resulted in Chlpro, Chlsyn and Chloth in units of mgChl m-3.




Figure 1 | Flow cytometrically derived relationships between differential forward scatter and cellular carbon weight (A, C) and differential side scatter and normalized fluorescence (B, D) for a range of phytoplankton cells (see Table 1). Results for two Becton Dickinson FACSort™ flow cytometers shown: (A, B) serial #B0043; (C, D) serial #B0264. Regression statistics shown are in log10 space to use with equation of form 10c(dCsca/dΩn)m.






Figure 2 | Stage 1 – cluster analyses with warmer colors showing higher density of points. Stages 2 – 4: Determination of Carbon (elements in grey) and Chlorophyll (elements in green) concentrations attributable to the different phytoplankton types, using a three and five stage process respectively.



Strict data filtering criteria were then applied to the resultant dataset for use within the Machine Learning (ML) analysis. This included: removing data points where agreement between the automatically clustered and manually gated abundances for individual species were not within 30% of each other; any instances of NaN in the FACS or ancillary datasets (e.g., nutrients); where the species-specific chlorophyll was ≤ 0.05 mg m-3 or ≤ 25% of the total chlorophyll concentration and minimization of the variability of the dCsca/dΩ3 in the sample. The latter was set to ±400 m2 sr-1 for Prochlorococcus; ± 800 m2 sr-1 for Synechococcus and ±1000 m2 sr-1 for the Nano setting species. This resulted in 1066 Prochlorococcus, 198 Synechococcus and 73 Nano (Other) samples. Table 3 shows a basic C:Chl statistical analysis of the filtered dataset based on the above criteria.


Table 3 | Statistical analysis for the filtered C:Chl dataset.







Machine learning analyses

A Random Forest (RF) machine learning approach (Breiman, 2001) was used in order to gain an understanding of the environmental factors which influence phytoplankton carbon and chlorophyll. RF is an ensemble learning method for growing decision trees using subsets of the training data, known as bootstrap aggregation. The data were collected, and several predictor variables identified. The possible predictors identified from across the nine different AMT cruises were: Latitude, Depth, Temperature, Salinity, Oxygen, Nitrite, Nitrate, Phosphate, Silicate, and Species (Prochlorococcus, Synechococcus etc.). (Although Irradiance would be an obvious choice as a predictor variable, the dataset is dominated by pre-dawn samples, which subsequently precluded its use). The input variables were then standardized to scale each variable to a zero mean and unit variance, except the species information, as this is a categorical variable, encoded as a number. The data were then randomly separated into a training (70%) and a test (30%) data subset stratified across the nine AMT expeditions. This resulted in the training set being 1079 data samples, and test set as 463 data samples.

The RF model was then trained to predict phytoplankton C:Chl. A model was first trained to make the prediction based on all combined data, where phytoplankton species was included as a predictor variable. Then, further models were trained to make predictions on the individual northern and southern Atlantic gyres (see e.g., Smyth et al. (2017)) defined by their Longhurst province (Longhurst et al., 1995). The northern gyre is defined as the regions North Atlantic Subtropical - West (NASW), North Atlantic Subtropical - East (NASE) and North Atlantic Trades (NATR). The southern gyre is defined as region South Atlantic Trades gyraL (SATL). Test and training data set separation was performed using the exact same process for the separate northern gyre (training: 255; test: 110) and southern gyre (training: 394; test: 170) regions. This left 613 samples not included within either gyral region.

A SHAP (Shapley Additive exPlanations) analysis (Lundberg and Lee, 2017) was performed on the RF predictors. SHAP analysis compensates for any collinearity of multiple variables by using a game theory approach to variable analysis (Lundberg and Lee, 2017). SHAP analysis manages the interdependence and correlations of variables, thereby producing an insightful variable importance metric. SHAP analysis enables a value to be assigned to each variable (i.e. Latitude, Depth, Temperature, Salinity, Oxygen, Nitrite, Nitrate, Phosphate, Silicate, and Species) which indicates how much that variable will change the output predicted (i.e., C:Chl) value. Positive SHAP values indicate an increase in the C:Chl ratio, and vice versa; a SHAP value of zero means no impact on the predicted C:Chl ratio. A ranking by SHAP value allows a better insight into which environmental variables are the drivers for the C:Chl ratio.






Results




Laboratory culture determined C and nFl

Figure 1 shows that there are strong relationships (R2 = 0.864 and 0.899 for B0043 and B0264 respectively) between cellular carbon content and dCsca/dΩ3 for different cultures over five and two orders of magnitude respectively for two different flow cytometers (Figures 1A, C). Similarly, robust relationships (R2 = 0.741 and 0.935 for B0043 and B0264 respectively) were found between cellular nFl and dCsca/dΩ4 for different cultures over four orders of magnitude in both axes (Figures 1B, D). Table 2 shows that for three other flow cytometers, similar robust (R2 > 0.8) relationships hold between the FACS measured forward scatter and cellular carbon content.





AMT field determined C:Chl

Figure 3 shows the physical (Figures 3A, B) and biogeochemical (Figures 3C–F) conditions throughout all the AMT (18 – 29) transects (50°N – 50°S) over the depths 0 – 200 m. The major features of the AMT transect are the northern and southern gyre regions, characterized by warm (> 25°C), high salinity (>37 PSU) deep surface mixed layer (>100 m) cores, separated by the warm (>27°C) but fresher (<36 PSU) equatorial upwelling zone (~10°N). The gyres are biogeochemically characterized by lower surface mixed layer oxygen (Figure 3C: 180 – 220 µM), nitrate (Figure 3D) approaching or below the limit of detection (<0.01 µM) and a deep (Figure 3F: up to 150 – 200 m) chlorophyll maximum (0.1 – 0.3 mg m-3). Other features of note are the higher phosphate concentrations (Figure 3E: 0.3 µM) in the southern compared with the northern gyre (<0.2 µM) with implications for nutrient stoichiometry, and the lower oxygen zone (<120 µM) in the equatorial upwelling region (Figure 3C). For a further analysis of the biogeochemical traits of the AMT transect see Smyth et al. (2017).




Figure 3 | Environmental variables for AMT18 – 29 plotted as a function of latitude and depth. Individual values of (A) Temperature (°C); (B) Salinity (PSU); (C) Oxygen (µM); (D) Nitrate (µM); (E) Phosphate (µM) and (F) Fluorescence (log mg m-3), extracted as points where discrete FACS samples obtained.



The FACS measured Prochlorococcus differential forward and side scatter (Figures 4A, B) shows regions of enhanced scattering which clearly follow the depth of the thermocline (base of the surface mixed layer), with clear differences between the northern and southern gyres. The range of maximum dCsca/dΩ3 and dCsca/dΩ4 of 300 – 450 m2 sr-1 and 0.01 – 0.03 m2 sr-1 respectively is at a depth of >75 m in the northern gyre, but >125 m in the southern. When converted to total carbon (Figure 4C) using the regression statistics (Figure 1A or C) and multiplied by the abundance (Stage 2 of Figure 2) the patterns show a tendency for Prochlorococcus carbon (Cpro) to increase with depth towards the thermocline (typical values<5 mg m-3 in the surface; 20 – 50 mg m-3 close to the base of the mixed layer). The species-specific Chl (Chlpro) also show an increase with depth towards the thermocline (Figure 4E), in some cases exceeding 0.1 mg m-3. Taking the ratio of Cpro : Chlpro results in a range of values between 1 – 600 (Figures 4F, 5A; Table 3). For a similar visualization of Synechococcus and the generic Other class, see Figures S1, S2.




Figure 4 | FACS scattering and derived variables for Prochlorococcus from AMT18 – 29 plotted as a function of latitude and depth. Individual sample values of (A) mean differential forward scatter (dCsca/dΩ3); (B) mean differential side scatter (dCsca/dΩ4); (C) Total Carbon (mg m-3); (D) normalized Fluorescence (nFl); (E) Species specific Chl (log mg m-3); (F) log carbon to chlorophyll ratio (C:Chl).






Figure 5 | RF model prediction and analysis of C:Chl for all AMT provinces. (A) The RF prediction results for the training dataset, identified per species, with the red line representing the best fit and the blue line the 1:1 (perfect prediction). (B) The RF prediction results for the test dataset. (C) The SHAP variable importance of each predictor variable. (D) Impact of the variable on the predicted output, based on the value of the variable. The colours represent whether the variable is high or low, and the horizontal axis represents a positive or negative change on the predicted output C:Chl.







Environmental drivers of C:Chl

Using all the species data combined over all provinces the trained RF model (Figure 5A) can predict C:Chl with a high percentage of variance explained (R2 = 0.931). For the independent test dataset (N=463) (Figure 5B) the predictions of C:Chl are markedly poorer (R2 = 0.359). The ML model tends to predict C:Chl most accurately over a range between 20 – 200 for both the training and test datasets (Figures 5A, B); the prediction is less reliable for C:Chl< 15. This is partly caused by an imbalance within the sampling, as lower carbon and chlorophyll values are less common and hence more challenging to represent. The corresponding SHAP analysis (Figure 5C) identifies that phytoplankton species (Prochlorococcus, Synechococcus etc.) are the most important predictor of C:Chl, followed by nitrite, silicate and temperature. Figure 5D shows the impact that high and low variable values will have on the model output. Silicate tends to have a negative correlation with the prediction of C:Chl, and low values of nitrite will have either a strong positive or negative impact on the results, whereas high nitrate levels have minimal impact on the C:Chl values over the AMT transect.

The northern gyral provinces (Figure 6), are dominated by Prochlorococcus. The RF predictive capability of C:Chl using the training dataset (N=255) renders a good fit to the data (Figure 6A; R2 = 0.89), however the independent test data set has a poorer fit (Figure 6B; N=110, R2 = 0.27). The SHAP analysis shows that silicate is one of the dominant drivers of C:Chl in the northern gyre, followed by oxygen and nitrite (Figure 6C). As in Figure 5D for all ocean provinces, silicate tends to have a negative correlation with the prediction of C:Chl in the northern gyre (Figure 6D), and low values of nitrite have a slightly positive impact. In contrast, the RF predictivity of C:Chl in the southern gyre is markedly improved (Figure 7). The training data (Figure 7A, N=394) has a good fit (R2 = 0.94) and the independent test data (Figure 7B, N=170) has a moderate fit (R2 = 0.68). The SHAP analysis shows that C:Chl predictability in the southern gyre is driven by silicate and species type (Figure 7C). For further analyses of other species see Figures S3–S7.




Figure 6 | RF model prediction and analysis of C:Chl for the Northern Gyre provinces. (A) The RF prediction results for the training dataset, identified per species, with the red line representing the best fit and the blue line the 1:1 (perfect prediction). (B) The RF prediction results for the test dataset. (C) The SHAP variable importance of each predictor variable. (D) Impact of the variable on the predicted output, based on the value of the variable. The colours represent whether the variable is high or low, and the horizontal axis represents a positive or negative change on the predicted output C:Chl.






Figure 7 | RF model prediction and analysis of C:Chl for the Southern Gyre provinces. (A) The RF prediction results for the training dataset, identified per species, with the red line representing the best fit and the blue line the 1:1 (perfect prediction). (B) The RF prediction results for the test dataset. (C) The SHAP variable importance of each predictor variable. (D) Impact of the variable on the predicted output, based on the value of the variable. The colours represent whether the variable is high or low, and the horizontal axis represents a positive or negative change on the predicted output C:Chl.








Discussion

This paper effectively highlights the use of FACS for in vivo determination of cellular carbon content across a variety of phytoplankton species with sizes ranging from 0.5 to 10 µm. This is particularly powerful as FACS can distinguish different phytoplankton species using automated (Smyth et al., 2019) or manual (Tarran et al., 2006) clustering techniques. This removes the need for size fractionated filtering and subsequent elemental analysis e.g., using a CHNS analyser, and can distinguish the contribution from individual cells (Pallon et al., 1999). FACS has the additional benefit of being high throughput in comparison to other techniques such as light microscopy and is readily applicable to machine learning tools and methodologies (Thomas et al., 2018). Advances in miniaturization, and electro-optical techniques may soon make in situ measurements of cellular carbon using platforms such as moorings (Olson et al., 2017) and gliders a reality. Further work is needed in addressing issues concerning cellular shape and heterogeneous internal structure (Smyth et al., 2021), particularly for the smaller size classes of phytoplankton such as Prochlorococcus. We have attempted to overcome these typical limitations imposed by light scattering approaches by taking the geometric mean values of dCsca/dΩ3 and dCsca/dΩ4 and removing data from the RF analysis where there is an associated large standard deviation. Figures 1, 4; Table 2.

The high values of Cproc (Figure 4C) at the deep chlorophyll maximum (DCM) seem counterintuitive given the well-documented high abundances of Prochlorococcus in the surface layers of the tropical Atlantic (Johnson et al., 2006; Tarran et al., 2006; Smyth et al., 2019). Cultured Prochlorococcus strains (MIT9312, MED4, AS9601, NAT12A) typically display dCsca/dΩ3 values in the range of 100 – 400 m2 sr-1 (Figure 1); consistent with field observations of 50 – 500 m2 sr-1 (Figure 4A). However, when these data are translated into cellular carbon content (Table 2), we observe a range from 0.002 – 0.72 pgC cell-1, spanning 2.5 orders of magnitude. This contrasts significantly with the more modest variations in Prochlorococcus cellular carbon content observed from the surface to the deep chlorophyll maximum (DCM) at BATS (0.05 pgC surface; 0.15 pgC DCM - Casey et al. (2013)) and HOT (0.02 pgC surface; 0.114 pgC DCM - Casey et al. (2019)) time-series stations. This discrepancy may underline a potential limitation in our methodology, as the log-log transformation from differential forward scattering to carbon might exacerbate any uncertainties in differential forward scatter and those linked to a log-log regression, especially for smaller cells. Our regression between differential forward scatter and cellular carbon resulted in slopes of 2.51 and 2.22, depending on the instrument used (Figure 1). These values are noticeably higher than the 1.74 value derived from a similar instrument (Burbage and Binder, 2007). The higher coefficients in our regression model may be responsible for the greater cellular content of the large-sized Prochlorococcus strain (Figure 1 - NAT12A) estimated by scattering (0.3 pgC) compared to that measured by elemental analysis (0.08 pgC). These findings suggest that our methodology may require further refinement to accurately assess the cellular carbon content in different phytoplankton species. As a next step, we propose to test and validate our approach not merely on cultured specimens, but also on natural phytoplankton populations using a fine-resolution size fractionation approach (Casey et al., 2019). This will provide a more comprehensive evaluation of our technique, thereby enhancing its precision and applicability.

An empirical relationship between side scatter and chlorophyll might not be expected and deserves some scrutiny as there are several confounding factors one might consider. Firstly, the chlorophyll-a molecule absorbs quite strongly (0.03 m2 [mg chlorophyll-a]-1) at the wavelength of the blue (488 nm) laser used for dCsca/dΩ4 determinations, stronger still for the divinyl chlorophyll-a molecule synthesized by Prochlorococcus (0.05 m2 [mg chlorophyll-a]-1; Bricaud et al. (2004)). The expectation would be that, for otherwise physiologically similar cells, the scattering amplitude would decrease, rather than increase with increasing cellular chlorophyll-a concentrations. Secondly, there are potentially many overlapping absorption spectra at 488 nm due to the presence of multiple pigments, a problem compounded further by changing pigment stoichiometries associated with photoacclimation and diel cycles (Moore et al., 1995). However, we expect the magnitude of the contribution of pigment absorption to dCsca/dΩ4 to be relatively small compared with the scattering amplitude, with a scattering-to-attenuation ratio of approximately 0.8 at 488 nm (Claustre et al., 2002). One rationale for the observed positive relationship between chlorophyll-a and dCsca/dΩ4 is that it reflects changes in internal structure associated with both photoacclimation and photoadaptation (Ting et al., 2007). These are the thylakoid folds, the carboxysomes, and the large photosystem complexes, antennae proteins and associated membrane proteins that change within some stoichiometric bounds with light harvesting pigments. We speculate that these structural differences contribute a positive scattering component that exceeds the negative absorption component to dCsca/dΩ4, resulting in the overall positive empirical relationship we observed in our cultures. Nevertheless, higher order processes and variability in photophysiology in a dynamic ocean may complicate our interpretation of dCsca/dΩ4 as a proxy for chlorophyll-a content.

A completely contained methodology to quantify cellular chlorophyll concentration still requires a multi-staged approach, which we describe in this paper, with the introduction of errors when assigning a given chlorophyll concentration to an individual species group. This may possibly be solvable by using calibrated fluorescence beads, with a rigorous calibration methodology against such standards on a daily basis (Smyth et al., 2019). Simultaneous measurements of the real and imaginary parts of the cellular refractive index - can be empirically related to the carbon and chlorophyll content respectively (Stramski, 1999; DuRand et al., 2002; Agagliate et al., 2018). As we have previously reported (Smyth et al., 2019) our calibrated technique only returns the real refractive index which stymies further determination of C:Chl. However, the strong empirical relationships, albeit individual detector specific (Figure 1), between FACS measured forward and side scatter and carbon and (normalized) fluorescence respectively would appear to offer more potential than a technique based on the determination of refractive index.

Our reported ranges of C:Chl (Table 3) are broadly consistent with other literature values: Graff et al. (2015) reported C:Chl, albeit for a limited portion and depth (20 m) of the Atlantic Ocean, between a range of 35 – 408 (median, 99) for all phytoplankton types. Veldhuis and Kraay (2004) give a range of 93 – 122 for Prochlorococcus, and 38 – 58 for Synechococcus which is within range of the values reported here. The range of 9 - 499 for Prochlorococcus reported by Phongphattarawat et al. (2023), based on a pigment-based analysis of a global dataset that included AMT data, is close to the range reported here. Figure 8 shows an intercomparison of Prochlorococcus C versus Chl between this work and previous literature values. When data points are selected based on the dominant type present in the sample [i.e., >50% of the chlorophyll concentration can be attributable to Prochlorococcus (Figure 2)] regression statistics of slope: 0.672 ± 0.039, intercept: 1.392 ± 0.045, R2: 0.219 are obtained. This compares with slope: 0.843, intercept: 1.711, R2: 0.41 for Phongphattarawat et al. (2023) using 49 fg C cell-1 (Cailliau et al., 1996) and slope: 0.788, intercept: 1.798, R2: 0.47 for Phongphattarawat et al. (2023) using 52 and 158 fg C cell-1 for euphotic and sub-euphotic populations, respectively (Casey et al., 2013). Our values tend towards C:Chl = 145 (Sathyendranath et al., 2009) at low values (~0.01 mg m-3) of Chl, and diverge away (below) this at higher (~1 mg m-3) Chl.




Figure 8 | Density plot of Log Carbon vs. Log Chlorophyll for Prochlorococcus where Prochlorococcus >50% of the calculated chlorophyll content of the individual sample (Figure 2). Warmer colors denote greater number of data points. Previous literature values denoted as S (2009) - Sathyendranath et al. (2009); P (2023) + C (1996) - Phongphattarawat et al. (2023) using Cailliau et al. (1996); P (2023) + C (2013) - Phongphattarawat et al. (2023) using Casey et al. (2013).



Prochlorococcus is well known to have distinct adaptions to environmental factors such as light intensity, temperature and nutrient concentrations (Partensky et al., 1999) with well-defined ecotypes (Rocap et al., 2003; Zinser et al., 2006; Chandler et al., 2016) as well as remarkable genetic and physiological diversity (Rocap et al., 2003). Qualitatively Figure 4 shows such patterns with regards to scatter (dCsca/dΩ3, dCsca/dΩ4), carbon, nFl and C:Chl ratio. For the RF model results (Figures 5C, 6C, 7C), silicate is consistently shown to be an important variable for predicting C:Chl ranking first in the two gyres (Figures 6C, 7C) and third for all AMT ocean provinces (Figure 5C); however much of the Atlantic is deficient in silicate (Smyth et al., 2017) particularly at depths between 50 – 150 m. The SHAP value, which is a measure of impact, is negative (Figures 5D, 6D, 7D) which may reflect the silicate deficit.

Different Prochlorococcus ecotypes have been observed to use the nitrogen species that is most prevalent at the light levels to which they are best adapted which is ammonium in the surface waters and nitrite at depth (Rocap et al., 2003), which can explain why nitrite is a strong driver in predicting C:Chl (Figure 5C). There is also a species difference between Synechococcus and Prochlorococcus as to which nitrogen source is utilized (Moore et al., 2002) and it is known that some Prochlorococcus ecotypes are unable to use nitrate (Bouman et al., 2006) because of their lack of nitrate reductase (Rocap et al., 2003). However, there is evidence that some Prochlorococcus strains are able to utilize nitrate (Berube et al., 2015). This somewhat equivocal behaviour may explain why nitrate is not one of the dominant drivers of Prochlorococcus C:Chl (Figures 5–7).

The hemispheric nuances in predicting C:Chl (Figure 6 cf. Figure 7), particularly for some of the weaker predictor variables such as nitrate and phosphate (Figure 6C cf. Figure 7C), may be explicable by the wider inorganic nutrient stoichiometry of the Atlantic Ocean; and the known deficit (Redfield, 1958) of N:P which is particularly pronounced (Smyth et al., 2017) in the southern gyre. All these driving factors are manifested in the changing efficiencies in CO2 fixation by Prochlorococcus, which is already known to be highly efficient - (Hartmann et al., 2014).





Conclusion

Using flow-cytometry we have shown robust relationships between forward scatter and phytoplankton cellular carbon content, as well as between side scatter and a measure of chlorophyll content for cultures of multiple phytoplankton species. This appears to be robust across several orders of magnitude in scatter and is replicated, albeit with different calibration regression coefficients, for multiple instruments. When applied to the decadal time-scale AMT expeditions, the analysis revealed that Prochlorococcus cellular carbon and chlorophyll vary with depth and latitude throughout the Atlantic basin, with higher values encountered at the deep chlorophyll maximum (DCM). A machine learning analysis approach has revealed that the dominant drivers of the C:Chl ratio in the Atlantic basin are silicate and nitrite, with some hemispheric differences between the gyral provinces.

Measurement of phytoplankton carbon in natural oceanographic environments has been notoriously difficult, with many existing methods relying on per-cell carbon content for different phytoplankton cells estimated based on laboratory culture experiments, e.g., Phongphattarawat et al. (2023), or on expensive and labour-intensive ship-board measurements, e.g., Graff et al. (2015). The method developed here employs differences in the scattering properties of cells, which can account for intra-species and inter-species differences in per-cell scattering and is demonstrated to function across multiple models of flow cytometers. When combined with per-cell chlorophyll information, also derived from scattering properties, it became possible to study the natural variability in C:Chl ratio in the decade-long AMT database.

Despite the C:Chl ratio being a key parameter in ecosystem models (Blackford et al., 2004), as well as being widely used in satellite algorithms of productivity and photo-acclimation (Sathyendranath et al., 2009; Sathyendranath et al., 2020), it is still a relatively poorly-understood phytoplankton property. The methodology presented here allows the rapid assessment of C:Chl for a large number of samples over a wide range of biogeochemical provinces. This represents a significant step forward in progressing towards a convergence of species-specific values and variability in C:Chl, as well as the ratio’s controlling physical and biogeochemical factors.
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N is the number of cultures used in the regression statistics.
“Referenced to polystyrene beads.
PForward Scatter. Raw data output from flow cytometer.
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N is the number of samples used.
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Prasinophyte Micromonas pusilla unknown
EHUX Prymnesiophyte Emiliania huxleyi CCMP1742
NAV Diatom Navicula transitans RCC80
PT632A Diatom Phaeodactylum tricornutum CCMP632
PT632B Diatom Phaeodactylum tricornutum I CCMP632
TAPS1335 Diatom Thalassiosira pseudonana CCMP1335
TAPS3367 Diatom Thalassiosira pseudonana CCMP3367
TW3365 Diatom Thalassiosira weissflogii CCMP3365
‘WHS8102 Cyanobacteria Synechococcus sp. ‘WHS8102
‘WH7803 Cyanobacteria Synechococcus sp. ‘WH7803
MED4 Cyanobacteria Prochlorococcus marinus (HL-I) MED4
MIT9312 Cyanobacteria Prochlorococcus marinus (HL-II) MIT9312
AS9601 Cyanobacteria Prochlorococcus marinus (HL-II) AS9601
NATL2A Cyanobacteria Prochlorococcus marinus (LL-T) NATL2A

Light adaptation given for Prochlorococcus as high light (HL) and low light (LL), sub-divided into ecotypes (I, II) (Rocap et al., 2002).





