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Abstract 23 

Picophytoplankton, the smallest phytoplankton (<3 micron), contribute significantly to 24 

primary production in the oligotrophic South China Sea. To improve our ability to predict 25 

picophytoplankton abundances in the South China Sea and infer the underlying mechanisms, 26 

we compared four machine learning algorithms to estimate the horizontal and vertical 27 

distributions of picophytoplankton abundances. The inputs of the algorithms include 28 

spatiotemporal (longitude, latitude, sampling depth and date) and environmental variables 29 

(sea surface temperature, chlorophyll, and light). The algorithms were fit to a dataset of 2442 30 

samples collected from 2006 to 2012. We find that the Boosted Regression Trees (BRT) gives 31 

the best prediction performance with R2 ranging from 77% to 85% for Chl a concentration 32 

and abundances of three picophytoplankton groups. The model outputs confirm that 33 

temperature and light play important roles in affecting picophytoplankton distribution. 34 

Prochlorococcus, Synechococcus, and picoeukaryotes show decreasing preference to 35 

oligotrophy. These insights are reflected in the vertical patterns of Chl a and picoeukaryotes 36 

that form subsurface maximal layers in summer and spring, contrasting with those of 37 

Prochlorococcus and Synechococcus that are most abundant at surface. Our forecasts suggest 38 

that, under the “business-as-usual” scenario, total Chl a will decrease but Prochlorococcus 39 

abundances will increase significantly to the end of this century. Synechococcus abundances 40 

will also increase, but the trend is only significant in coastal waters. Our study has advanced 41 

the ability of predicting picophytoplankton abundances in the South China Sea and suggests 42 

that BRT is a useful machine learning technique for modelling plankton distribution.   43 

  44 
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1. Introduction 45 

The South China Sea (SCS) is the largest marginal sea in the subtropics with the surface 46 

area (3.5 million km2) 1.4 times of the Mediterranean Sea (2.5 million km2) and is one of the 47 

global biodiversity hotspots (Tittensor et al. 2010). The SCS basin is usually oligotrophic with 48 

the primary producers dominated by phytoplankton smaller than 3 micron, called 49 

picophytoplankton (Ning et al. 2005; Wong et al. 2007; Liu et al. 2007; Chen et al. 2011; 50 

Xiao et al. 2019). Picophytoplankton can be classified into three groups (Prochlorococcus, 51 

Synechococcus, and picoeukaryotes) based on fluorescence signatures of flow cytometry and 52 

all of them are of interest to marine ecologists and biogeochemists (Olson et al. 1990; 53 

Partensky et al. 1999; Flombaum et al. 2013, 2020; Wu et al. 2014).  54 

We still lack a satisfactory tool to accurately estimate picophytoplankton abundances in 55 

the SCS. Previous studies are confined to either local areas (Liu et al. 2007; Qiu et al. 2010) 56 

or short snapshots (Ning et al. 2005; Pan et al. 2006; Chen et al. 2011). Pan et al. (2013) and 57 

Morozov and Tang (2019) have pioneered using satellite observations to estimate surface 58 

picophytoplankton abundances in the SCS. While their algorithms have the potential to 59 

estimate large-scale picophytoplankton abundances by using satellite data, their approach can 60 

only estimate surface abundances and cannot predict the future changes of picophytoplankton 61 

abundances.   62 

There are two approaches for modelling picophytoplankton abundances. The first 63 

process-oriented approach is to construct mechanistic models coupled with three-dimensional 64 

ocean circulation models, which has been the mainstream in marine ecosystem modeling.  65 

(Dutkiewicz et al. 2020). Such models can range from simple Nutrient-Phytoplankton-66 

Zooplankton-Detritus (NPZD) models (Gan et al. 2010) to the most advanced DARWIN 67 

model which simulates hundreds of plankton tracers including picophytoplankton 68 

(Dutkiewicz et al. 2020). The advantage of this approach is obvious: we know what processes 69 
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account for the observed patterns of the biological variables since we build the model.  70 

However, critiques of this top-down approach have been raised (Anderson 2005; Franks 71 

2009). One problem is that the biological processes in the models may not be modeled or 72 

parameterized correctly. For example, the relationship between nitrate uptake rate and 73 

ambient nitrate concentration may be linear instead of hyperbolic (Franks 2009). Or Holling 74 

type functions may be inappropriate for describing the functional response of zooplankton 75 

(Lehman 1976). Or the half-saturation “constant” in the Monod function or the Holling type 76 

functions may not be real constants (Smith et al. 2009; Chen et al. 2014). The vast diversity 77 

and phenotypic plasticity of organisms make it difficult to parameterize ecological models 78 

(Smith et al. 2014; Dutkiewicz et al. 2020). How can we trust the predictions of the model 79 

without much faith on the model parameterizations?    80 

  An alternative philosophy is that we admit that Nature is too complex for us to fully 81 

comprehend, which reflects an attitude of modesty. Machine-learning techniques focus on 82 

prediction accuracy instead of model structure (Breiman 2001; Elith and Leathwick 2009). By 83 

constructing a model with the best predictive accuracy, we can evaluate the individual effect 84 

of each input variable by providing the model with new combinations of inputs (i.e. varying 85 

the target variable while keeping other variables constant). We can also quantify the relative 86 

importance of each input in explaining the response variables. Thus, we can infer and better 87 

understand the environmental controlling mechanisms on species distribution (Elith and 88 

Leathwick 2009).  89 

To this end, we use four machine learning algorithms (Generalized Additive Models 90 

(GAM), Artificial Neural Network (ANN), Random Forests (RF) and Boosted Regression 91 

Rrees (BRT)) to fit a picophytoplankton dataset in the SCS by taking advantage of pre-built 92 

packages in R. The data were collected from seven cruises that spanned four seasons and 93 

covered the majority of the northern SCS. This rich dataset provides us a good opportunity to 94 
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construct machine learning algorithms to estimate picophytoplankton abundances based on 95 

environmental and geographic predictors. These four machine learning techniques have been 96 

widely used in ecology and oceanography. For example, GAM has been used for modeling 97 

phytoplankton biomass (Irwin and Finkel 2008; Llope et al. 2009) and bacterial abundances 98 

(Chen et al. 2012). ANN has been used for modeling chlorophyll (Vilas et al. 2011), sea 99 

surface CO2 (Landschützer et al. 2013), primary production (Scardi 1996; Scardi and Harding 100 

1999; Mattei and Scardi 2020), picophytoplankton and zooplankton biomass (Flombaum et al. 101 

2013, 2020; Mazzocchi et al. 2014). RF has been used for modelling seafloor biomass (Wei et 102 

al. 2010) and partial pressure of CO2 (Chen et al. 2019b). BRT has been used in modeling 103 

species distributions including marine organisms (Leathwick et al. 2006; Elith et al. 2008; 104 

Pinkerton et al. 2010).    105 

We address three objectives in this study: 1) to search for the machine learning 106 

algorithm with the best prediction accuracy; 2) to infer the underlying mechanisms controlling 107 

picophytoplankton distribution from the outputs of machine learning algorithms; 3) to 108 

produce climatology maps, hindcasts and forecasts of picophytoplankton abundances in the 109 

SCS. This paper is structured as follows: we will first describe the dataset and the algorithms. 110 

Then we compare the four algorithms with the finding that BRT achieves the best prediction 111 

accuracy. Next, we use the BRT model to examine the partial effects of each predictor on 112 

picophytoplankton abundances and infer the environmental controls on picophytoplankton 113 

abundances. Finally, we describe the patterns of climatology, hindcasts and forecasts 114 

generated by the BRT model and predict that total Chl a and abundances of Prochlorococcus 115 

and Synechococcus will show contrasting trends toward the end of this century. 116 

2. Methods 117 

Below we describe how we collected and processed the data, how we implemented and 118 
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compared the four machine learning algorithms, how we examined the partial effects of each 119 

predictor, and how we used the best model to hindcast and forecast picophytoplankton 120 

abundances in the SCS. All the data and codes are publicly available at 121 

https://github.com/BingzhangChen/SCSPicophytoplankton under the MIT license. 122 

2.1 Sample collection and analysis.  123 

Most samples were collected at 3 to 12 depths from 0 to 150 m from Niskin bottles 124 

attached to a CTD rosette system during seven cruises (November 27 to December 15, 2006; 125 

July 18 to August 16, 2009; January 6 to 30, 2010; October 26 to November 24, 2010; April 30 126 

to May 24, 2011; August 24 to September 24, 2011; July 30 to August 16, 2012) in the SCS 127 

(Fig. 1). In total, we collected 2442 samples from 445 vertical profiles. The results from the 128 

summer of 2009 and January of 2010 have been reported in Chen et al. (2011).  129 

The samples were fixed with seawater buffered paraformaldehyde (0.5% final 130 

concentration) and stored at -80 °C until analysis. Upon return to the lab, cell abundances of 131 

picophytoplankton were enumerated using a Becton-Dickson FACSCalibur cytometer 132 

equipped with dual lasers with excitation wavelengths of 488 nm and 635 nm. Different 133 

populations were distinguished based on side-scattering (488 nm), orange (585 nm) and red 134 

(670 nm) fluorescences using the software WinMDI 2.9 developed by Joseph Trotter. Yellow-135 

green fluorescent beads (1 µm, Polysciences) were added to each sample as an internal 136 

standard. We ran each sample for 2 mins at a flow rate of approximately 60 µL min-1 so that 137 

the total volume analyzed for each sample was about 120 µL. The exact flow rate was 138 

calibrated by weighing a tube filled with distilled water before and after running for certain 139 

time intervals and the flow rate was estimated as the slope of a linear regression curve 140 

between elapsed time and weight differences (Li and Dickie 2001).  141 

Chl a concentrations including monovinyl and divinyl Chl a were measured by HPLC 142 

(Furuya et al. 1998). Four to sixteen liters of seawater were filtered onto 47 mm glass-fibre 143 

https://github.com/BingzhangChen/SCSPicophytoplankton
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GF/F filters (Whatman) under low vacuum (<150 mm Hg). The filters were frozen and stored 144 

in liquid nitrogen until analysis. Upon return to the lab, the filters were soaked in 2 mL N, N-145 

dimethylformamide (DMF) at -20 ºC for 1 hour. The extractions were then filtered through 13 146 

mm Whatman GF/F filters to clean the debris and mixed with ammonium acetate solution (1 147 

mol L–1) at 1:1 ratio. Each mixture was partially injected into an Agilent series 1100 HPLC 148 

system fitted with a 3.5 μm Eclipse XDB C8 column (100×4.6 mm; Agilent Technologies). 149 

Quantification was confirmed by the standards purchased from Danish Hydraulic Institute 150 

Water and Environment, Hørsholm, Denmark.  151 

Nitrate samples were taken from the same Niskin bottles and the concentrations were 152 

measured onboard using an AA3 nutrient Auto-Analyzer (Bran-Lube GmbH) as described in 153 

Du et al. (2013).  154 

2.2 Machine learning algorithms 155 

2.2.1 General algorithm structure 156 

The algorithm outputs are the four biological response variables (Chl a and abundances 157 

of Prochlorococcus, Synechococcus, and picoeukaryotes), which were log-transformed before 158 

analysis to achieve normal distributions (Fig. S1; Morozov and Tang 2019; Mattei and Scardi 159 

2020). The algorithm inputs include 7 predictors: latitude (Lat) and longitude (Lon), a cosine 160 

transformation of the Date of the Year (DOY; 𝑡 = cos 2𝜋
𝐷𝑂𝑌

365
), sampling depth (z), sea surface 161 

temperature (SST), log-transformed surface Chl a concentrations (LnSSChl), and daily sea 162 

surface Photosynthetically Active Radiations (PAR, unit: E m-2 d-1) derived from satellite 163 

(SPARsat). Of these 7 predictors, four (Lat, Lon, t, z) are spatiotemporal coordinates and the 164 

rest three (SST, LnSSChl, SPARsat) are environmental predictors.  165 

SST and LnSSChl were directly measured on the cruises. However, the sea surface PAR 166 

was not directly measured and we had to use SPARsat. We estimated SPARsat by matching the 167 

sampling time and location to the level-3 data of 8-day surface satellite PAR from MODIS-168 
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Aqua NASA (http://oceancolor.gsfc.nasa.gov/l3/) at a spatial resolution of 4 km using the K-169 

Nearest Neighbour algorithm (R function ‘knn’). The spatiotemporal coordinates were 170 

included as predictors to minimize spatiotemporal autocorrelation and to enhance prediction 171 

by assuming that they can explain the residuals not explained by the environmental predictors 172 

(Elith and Leathwick 2009). The three environmental predictors were chosen owing to their 173 

presumed effects on phytoplankton distribution (i.e., effects of temperature, nutrient supply, 174 

and light on phytoplankton growth and biomass; Irwin and Finkel 2008, Xiao et al. 2019). 175 

Another reason to use these variables as environmental predictors is that they can be easily 176 

obtained from satellite observations or outputs of Earth System Models. We did not include 177 

nutrients as predictors because concentrations of surface inorganic nitrogen and phosphate 178 

were often below detection limits and also because they could not be obtained directly from 179 

satellite estimates.  180 

The sampling depth z is the only predictor used to estimate vertical profiles of 181 

picophytoplankton abundance from surface values. We do not include depth-dependent 182 

environmental predictors such as local temperature and PAR (PARz) because these predictors 183 

are highly correlated with sampling depth and they are not readily available from satellite 184 

observations.  185 

For all four algorithms, a general model structure is: 186 

𝑦𝑖 = 𝑓𝑖(𝐿𝑎𝑡, 𝐿𝑜𝑛, 𝑡, 𝑧, 𝑆𝑆𝑇, 𝐿𝑛𝑆𝑆𝐶ℎ𝑙, 𝑆𝑃𝐴𝑅𝑠𝑎𝑡)                                        (1) 187 

in which i ranges from 1 to 4, corresponding to the indexes of Chl a concentration and 188 

abundances of three picophytoplankton groups. yi is the log-transformed biological response 189 

variable.  190 

Although PARz is not used as a model input, we also calculated PARz to examine the 191 

relationship between picophytoplankton abundances and local light environment. PARz was 192 

calculated following the Lambert-Beer law: 𝑃𝐴𝑅𝑧 = 𝑆𝑃𝐴𝑅𝑠𝑎𝑡𝑒−𝑘𝑤𝑧−∫ 𝑘𝑐ℎ𝑙𝐶ℎ𝑙(𝑠)𝑑𝑠
0

−𝑧 , in which 193 

http://oceancolor.gsfc.nasa.gov/
http://oceancolor.gsfc.nasa.gov/
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kw (= 0.04 m-1) and kchl ((= 0.025 m-1 (mg Chl m-3)-1) are the light attenuation coefficients due 194 

to pure seawater and Chl a, respectively. 195 

2.2.2 Generalized Additive Models (GAM) 196 

GAM assumes that the response variable can be additive smooth functions of each 197 

individual predictor. The smooth functions are splines that have continuous first and second 198 

derivatives at the knots. Smoothing is controlled by minimizing the penalized integrative 199 

square secondary derivatives (Wood 2006). The selection of optimal smoothing parameters is 200 

evaluated by generalized cross-validation (GCV) scores. 201 

GAM was implemented using the R package ‘mgcv’ (Wood 2006). A two-dimensional 202 

tensor product spline was used to include both Lat and Lon. Five one-dimensional thin plate 203 

regression splines were used for t, z, SST, LnSSChl and SPARsat in an additive framework: 204 

𝑦𝑖 = 𝑡𝑒𝑖(𝐿𝑜𝑛, 𝐿𝑎𝑡) + 𝑠1,𝑖(𝑡) + 𝑠2,𝑖(𝑧) + 𝑠3,𝑖(𝑆𝑆𝑇) + 𝑠4,𝑖(𝐿𝑛𝑆𝑆𝐶ℎ𝑙) + 𝑠5,𝑖(𝑆𝑃𝐴𝑅𝑠𝑎𝑡)    (2) 205 

in which te represents the tensor product splines and s represents the thin plate regression 206 

splines.  207 

We searched for the optimal values of k, the dimension of the smoothing term, and 208 

gamma, a penalty term to enhance the degrees of freedom in the GCV score to minimize 209 

overfitting (Wood 2006). We found that as long as k was greater than 10, the choices of k and 210 

gamma did not significantly affect the prediction accuracy (Fig. S2). 211 

2.2.3 Artificial Neural Network (ANN) 212 

ANN aims to construct a model defining a complicated relationship between input 213 

signals and output responses by mimicking the functioning of neuron cells. Input signals are 214 

weighed according to their relative importance and transmitted to hidden neurons according to 215 

an activation function. The hidden neurons, with a predetermined network topography, 216 

process the signals and generate output signals. The key factor determining the performance 217 

of ANN is the training process (i.e., determining the weights associated with each neuron). 218 
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Current training algorithms are built on the method of backpropagation (Buscema 1998). The 219 

weights are first randomly assigned to each neuron and the total error of the network is 220 

calculated. The backpropagation algorithm finds the greatest reduction of the derivatives of 221 

the activation function corresponding to each weight and the weights are adjusted accordingly 222 

(Günther and Fritsch 2010). This process is repeated until a local minimum is found. 223 

ANN was implemented using the R package “neuralnet” (Günther and Fritsch 2010). 224 

We used the default “Resilient backpropagation” (Rprop) algorithm which has the advantage 225 

that the weight change at each time step does not depend on the size of the partial derivative 226 

on the weight step, but depends only on the sign of that derivative and there is no need to 227 

specify learning rate and momentum (Riedmiller 1994a, b). The logistic function was used as 228 

the activation function for both hidden and output layers. All the input and output variables 229 

were normalized between 0 and 1 (𝑥′ =
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
) before analysis in which xmax and xmin 230 

represent maximal and minimal values of x. We searched the optimal topography of the 231 

feedforward neural network by comparing one hidden layer with 1 to 10 neurons and two 232 

hidden layers with five different combinations (2 x 2, 5 x 5, 5 x 10, 10 x 5, and 10 x 10 with 233 

the first and second number indicating the number of neurons of the first and the second layer, 234 

respectively). We found that except for the network with one hidden layer with only one 235 

neuron, others achieved similar precision accuracy (Fig. S3).  236 

2.2.4 Random Forest (RF) 237 

RF is an ensemble method based on the decision trees (Breiman 2001). A regression tree 238 

mimics the structure of a hierarchical branching system like a real tree. The whole data starts 239 

from the root. A decision is made at a node and data splitting is done to achieve the greatest 240 

reduction of misfit between observation and data. This process is repeated until no further 241 

improvements in prediction are achieved.  242 

Random forests grow a large number of trees. Each regression tree is constructed to the 243 
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maximal size on a randomly selected subsample and remains unpruned. Random forests select 244 

the best split from a random subset of the variables at each node of each tree. The final 245 

prediction is averaged for all individual regression trees. When the number of trees becomes 246 

large, the regression error converges so that the problem of overfitting is minimized. The 247 

prediction accuracy depends on the strength of each tree and the correlation among them. The 248 

step of random selection at each node reduces correlation among individual trees and 249 

therefore increases accuracy. An “out-of-bag” strategy is used to estimate internal generalized 250 

error, strength, correlation and also evaluate the relative importance of input variables. 251 

Although the structure of a random forest cannot be easily visualized, random forest is not a 252 

purely “black-box” technique. The importance of the predictors and the partial effect of each 253 

predictor on the response variable can be easily deduced from the model and can be used for 254 

inferring the underlying mechanisms. It outperforms many other statistical methods such as 255 

regression trees, logistic regression and ANN (Cutler et al. 2007; Chen et al. 2019b). 256 

RF was implemented using the function ‘randomForest’ in the R package 257 

‘randomForest’ (https://cran.r-project.org/web/packages/randomForest/randomForest.pdf). 258 

We tried three values of the number of trees (500, 1000, 2000) and two values of the number 259 

of variables selected at each split (3 and 6) and found that these parameters did not 260 

significantly affect the model results (Fig. S4).   261 

2.2.5 Boosted Regression Trees (BRT) 262 

BRT combines boosting and regression trees. Boosting is a technique that combines the 263 

strength of a number of weak learners to generate a strong learner (De'Ath 2007; Hastie et al. 264 

2009). BRT is a linear combination of numerous individual regression trees. One tree is first 265 

constructed for a randomly-selected subset of the dataset and additional trees are sequentially 266 

added to fit the residuals until the deviance does not further decrease (De'Ath 2007; Elith et al. 267 

2008). At each iteration step, the newly added tree can contain quite different variables and 268 
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different splitting nodes compared to previous trees. The observations that are hard to predict 269 

are given more weights during fitting, thus improving the overall prediction performance. To 270 

improve computation efficiency, the method of “gradient boosting” is used to seek the 271 

steepest descent of the loss functions (e.g. least square residuals) (Friedman 2001). The 272 

complexity of the trees can be predetermined to control the interactions of the predictors 273 

(Elith et al. 2008).  274 

BRT was implemented using the function ‘gbm.step’ in the R package ‘dismo’ (Elith et 275 

al. 2008). We searched for the optimal learning rate from 0.001 to 0.01 and the optimal tree 276 

complexity from 2 to 15. We found that the higher tree complexity (≥ 5) and learning rate (≥ 277 

0.002) usually gave better results (Fig. S5). As such, we used the tree complexity of 15 and 278 

the learning rate of 0.01 for all BRT models. 279 

2.2.6 Comparison of four algorithms 280 

To compare the prediction accuracy of the models, we randomly split the data into two 281 

halves. Half of the data were selected as the train data and the rest was used as the test data. 282 

The root mean square error (RMSE), coefficient of determination (R2), and mean bias (MB) 283 

were calculated for the pairwise log-transformed observed values and model predictions of 284 

the test dataset (Chen et al. 2019b; Morozov and Tang 2019; Mattei and Scardi 2020). This 285 

random process was repeated for ten times to obtain the mean and standard error of RMSE, 286 

R2, and MB. 287 

RMSE represents the standard deviation of the difference between observed and 288 

modeled values and indicates the spread of the mismatch between observations and model 289 

predictions. RMSE was calculated as: 290 

𝑅𝑀𝑆𝐸 = √
∑ (𝑂𝑖−𝑀𝑖)2𝑁

𝑖=1

𝑁
                                                             (3) 291 

in which N is the total number of samples. Oi is the ith observed log-transformed abundance 292 

and Mi is the ith modeled log-transformed abundance. As RMSE is for log transformed values, 293 
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we also provided RMSE values based on untransformed original abundances in Table S1 to 294 

facilitate comparisons with previous studies. RMSE based on untransformed abundances 295 

increase with the absolute value of the abundances (Table S1).  296 

MB represents the mean bias of the model predictions from the true observations and 297 

was calculated as: 298 

𝑀𝐵 =
∑ (𝑂𝑖−𝑀𝑖)𝑁

𝑖=1

𝑁
                                                                       (4)   299 

R2 represents how well the models can explain the variance of the observational data and 300 

was calculated as: 301 

𝑅2 = 1 −
∑ (𝑀𝑖−𝑂𝑖)2𝑁

𝑖=1

∑ (𝑂𝑖−�̅�)2𝑁
𝑖=1

                                                      (5) 302 

in which �̅� was the mean value of observations. 303 

2.2.7 Partial effects of each predictor 304 

To understand the partial effects of each predictor on the biological response variables, 305 

we varied each predictor while holding other predictors constant. Then we used the BRT 306 

models, which had the best predictive accuracy (see section 3.3), to compute the responses of 307 

Chl a and the picophytoplankton abundances to each varying predictor. An exception was for 308 

Lon and Lat for which we computed the response variables for each grid at a spatial resolution 309 

of 0.1º x 0.1º while controlling other predictors constant. In this way, we could generate a 2D 310 

map of the residuals not explained by other variables. 311 

The default predictor values that were held constant were set as follows: Lon and Lat 312 

were set to 116 ºN and 18 ºE, respectively, to represent the SCS basin (the SouthEast Asian 313 

Time-series Study station or SEATS; Wong et al. 2007). The default sampling depth z was set 314 

to 50 m. The default sampling date was set to July 15 to present the summer condition. We 315 

also examined the partial effects in winter by setting the default sampling date to January 15 316 

(Fig. S6). The default SSChl, SST and SPARsat were set to the median value of the dataset.  317 
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The relative importance of each predictor was calculated based on the number of times 318 

that the predictor was selected for splitting, which was then weighed by the model 319 

improvements due to that split and averaged over all regression trees involved (Elith et al. 320 

2008). The results were retrieved from the “contributions” component of the fitted ‘gbm.step’ 321 

object. 322 

2.3 Applications of the BRT model 323 

To illustrate the applications of the BRT models, we show three examples generated by 324 

BRT. The first example is the seasonal climatology of Chl a concentrations and 325 

picophytoplankton abundances in surface waters of the SCS. The model domain for 326 

prediction is from 110º E to 120º E and from 16º N to 23º N where most of our samples were 327 

collected. We downloaded the seasonal climatology data of SSChl, SST and SPARsat from 328 

MODIS-Aqua (https://oceandata.sci.gsfc.nasa.gov/MODIS-329 

Aqua/Mapped/Seasonal_Climatology/9km/) with a spatial resolution of 9 km. These data 330 

were averaged over each season (Spring: DOY 80-171; Summer: DOY 172-263; Autumn: 331 

DOY 264-354; Winter: DOY 355-79) from 2002 to 2019. We used these inputs to compute the 332 

climatology maps of Chl a concentrations and picophytoplankton abundances in surface 333 

waters (5 m) of four seasons of the SCS. 334 

The second example is to use the BRT model to hindcast Chl a concentrations and 335 

picophytoplankton abundances in the upper 150 m at SEATS from July 2002 to December 336 

2013. The 8-day time-series data of SSChl, SST and SPARsat were retrieved from Giovanni 337 

(https://giovanni.gsfc.nasa.gov/; Acker and Leptoukh 2007). These data were averaged over a 338 

1º x 1º grid centered at SEATS. 339 

The third example is to predict future changes of total Chl a and picophytoplankton 340 

abundances in the SCS from 2015 to 2100. The surface Chl a, temperature, and PAR were 341 

obtained from the monthly outputs of Community Earth System Model (CESM2) simulated 342 

https://oceandata.sci.gsfc.nasa.gov/MODIS-Aqua/Mapped/Seasonal_Climatology/9km/
https://oceandata.sci.gsfc.nasa.gov/MODIS-Aqua/Mapped/Seasonal_Climatology/9km/
https://giovanni.gsfc.nasa.gov/
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under the “business as usual” (ssp585) scenario in the CMIP6 project (O'Neill et al. 2016). 343 

The spatial resolution was 0.5º at both meridional and zonal directions. The vertical resolution 344 

was 10 m. For each month, total Chl a and picophytoplankton abundances were calculated by 345 

multiplying the concentrations within each grid by the grid volume and summing up the 346 

values of all the grids within the model domain from surface to 150 m (or sea bottom, 347 

whichever is shallower). Ordinary least square linear regressions of annual mean total Chl or 348 

picophytoplankton abundances against year were performed to investigate whether significant 349 

temporal trends exist from 2015 to 2100. To check whether these trends differ between 350 

regions, we also separately computed Chl a and picophytoplankton abundances in both 351 

coastal and oceanic environments that are shallower and deeper than 200 m, respectively. 352 

3. Results 353 

Below we first describe the vertical patterns of picophytoplankton abundances and their 354 

relationships with the local temperature, Chl a, and PARz corresponding to each sample. 355 

These raw patterns are useful for understanding and validating model outputs. Then we 356 

compare the predictive accuracy of four algorithms. After finding the best algorithm, we use it 357 

to assess the partial effect and the relative importance of each predictor. Finally, we use this 358 

algorithm to generate the climatology, hindcasts and forecasts of picophytoplankton 359 

abundances in the SCS. 360 

3.1 Vertical distribution of picophytoplankton 361 

The vertical patterns differed among seasons and among the four biological variables. 362 

In spring and summer, subsurface maximum layers of Chl a concentrations appeared around 363 

50 m; while in fall and winter, Chl a concentrations were vertically uniform in the surface 364 

mixed layers and decreased with depth below the surface mixed layers (Fig. 2A). 365 

Prochlorococcus and Synechococcus abundances did not show subsurface maximum in any 366 

season (Fig. 2B,C). The abundances of Synechococcus rapidly decreased with depth below 30 367 
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m in summer (Fig. 2C). Similar to the patterns of Chl a, picoeukaryotes formed subsurface 368 

maximum layers in spring and summer, but were vertically uniform in surface mixed layers in 369 

winter and fall (Fig. 2D).  370 

Prochlorococcus abundances decreased from summer and spring to fall and winter 371 

throughout the whole water column, while Chl a and picoeukaryote abundances were higher 372 

in winter and fall than in spring and summer in the surface mixed layer.   373 

3.2 Picophytoplankton abundances and local environmental conditions.  374 

The bivariate relationships between picophytoplankton abundances and local 375 

environmental conditions largely reflected the vertical pattern (Fig. 3). For all three 376 

picophytoplankton groups, their abundances increased with temperature and light, but 377 

decreased with nitrate. If excluding the surface samples, all abundances increased with Chl a. 378 

These patterns were mainly due to that temperature, light, Chl a and picophytoplankton 379 

abundances decreased with depth and nitrate increased with depth (data not shown).  380 

If inspecting only the surface data, while Prochlorococcus abundances still increased 381 

with temperature, the relationships between Synechococcus and picoeukaryote abundances 382 

and temperature appeared unimodal, with an optimal temperature between 21 ºC to 24 ºC 383 

(Fig. 3E,I). The patterns observed between surface nitrate and picophytoplankton abundances 384 

were consistent with those of temperature. Prochlorococcus surface abundances decreased 385 

with nitrate and those of Synechococcus and picoeukaryotes showed unimodal relationships 386 

with nitrate. Similar patterns also appeared between Chl a and the abundances of three groups 387 

in surface waters, with Prochlorococcus abundance decreasing with Chl a, Synechococcus 388 

abundance showing a unimodal relationship with Chl a, and picoeukaryote abundances being 389 

more positively correlated with Chl a (Pearson correlation r = 0.67 and 0.33 between 390 

picoeukaryotes and Synechococcus, respectively, and Chl a, p < 0.001; Fig. 3D,H,L). No clear 391 

trends between PARz and the abundances were observed in the surface data for any 392 
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picophytoplankton group. In summary, based on surface patterns, Prochlorococcus, 393 

Synechococcus, and picoeukaryotes showed a decreasing preference to oligotrophy.     394 

3.3 Comparisons of four machine learning algorithms  395 

BRT performed the best in terms of R2 and RMSE (Table 1). R2 of the four models 396 

ranged from 0.65 (picoeukaryotes by GAM) to 0.85 (Synechococcus by RF and BRT) for the 397 

four biological variables (Chl a concentrations and abundances of three picophytoplankton 398 

groups). R2 was higher for Prochlorococcus and Synechococcus than picoeukaryotes. RMSE 399 

ranged from 0.56 to 1.51, with those of Prochlorococcus being the highest and those of Chl a 400 

being the lowest. The higher RMSE of Prochlorococcus was likely a result of its inherent 401 

large variations of abundance instead of low prediction accuracy. The large variations of 402 

Prochlorococcus abundance were partly due to its absence in coastal waters with high Chl a 403 

(Fig. 3D). None of the four algorithms showed significant bias. 404 

BRT and RF consistently gave better predictions than ANN or GAM, with BRT being 405 

slightly better but significantly slower in computation time than RF. The prediction accuracy 406 

related to the amount of data used for training. If more data were used for training, the mean 407 

R2 could be improved by a few percentages. In the following text, we mainly focus on results 408 

of BRT. 409 

3.4 Partial effects of individual predictors  410 

The partial effects of each individual predictor are demonstrated by varying each 411 

predictor at one time while maintaining other predictors constant and helps to infer the 412 

controlling mechanism (Fig. 4). The model predicted a subsurface maximum layer for both 413 

Chl a and picoeukaryote abundances (Fig. 4A). In contrast, Prochlorococcus and 414 

Synechococcus abundances peaked at the surface. Synechococcus abundances attenuated more 415 

rapidly with depth than Prochlorococcus and picoeukaryotes (Fig. 4A). These vertical 416 

patterns predicted by BRT are consistent with the raw patterns (Fig. 2). BRT also predicted 417 
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different vertical patterns between the summer and winter (compare Fig. 4A with Fig. S6A). 418 

The vertical gradients of all four groups were less dramatic in winter than in summer, 419 

consistent with the influence of the deeper mixed layer in winter.  420 

The partial effects of sampling date showed the seasonal patterns of residuals that 421 

other predictors failed to explain (Fig. 4B). The residuals of Prochlorococcus and 422 

Synechococcus abundances increased during the winter season, while little seasonal 423 

variability existed for the residuals of Chl a and picoeukaryote abundances. 424 

The partial effect of surface Chl a reflects the preference of the plankton group to 425 

trophic state (Fig. 4C). The Chl a concentration at 50 m increased with surface Chl a, but the 426 

magnitude of increase was less dramatic (i.e., Chl a at 50 m increased from 0.2 mg m-3 to 0.6 427 

mg m-3 when surface Chl a increased from 0.01 mg m-3 to 1 mg m-3). Prochlorococcus 428 

abundances decreased with surface Chl a particularly when surface Chl a concentration 429 

exceeded 1 mg m-3. Synechococcus abundances showed nonlinear relationships with surface 430 

Chl a, being higher at intermediate surface Chl a than at two extremes. The relationship 431 

between picoeukaryote abundances and surface Chl a was similar with that of Synechococcus, 432 

but the maximal abundance corresponded to a higher surface Chl a concentration (~1 mg m-3) 433 

than that of Synechococcus (~0.1 mg m-3).  These patterns are consistent with the raw patterns 434 

(Fig. 3D,H,L).  435 

The partial effect of sea surface temperature (SST) reflects the thermal niche (Zinser et 436 

al. 2007). Prochlorococcus preferred high temperature and increased its abundance sharply 437 

with SST until 25 ºC and increased less dramatically afterwards (Fig. 4D). Synechococcus 438 

abundances increased slightly with SST from 18 ºC to 24 ºC and then decreased with SST. 439 

The optimal SST for Synechococcus ranged from 21 ºC to 24 ºC, similar to the raw pattern 440 

(Fig. 3E). Picoeukaryote abundances were insensitive to SST. Chl a concentration decreased 441 

with SST slightly. As such, the four groups exhibited different thermal niches.     442 
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The partial effects of surface PAR on all the four groups were insignificant (Fig. 4E). 443 

This did not necessarily mean that the light niches did not differ among the four groups. 444 

Rather, it was due to the small range of surface PAR (compare Fig. 4E with Fig. 3B,F,J). The 445 

marginal effect of surface PAR was also confirmed by its low importance as shown below 446 

(Section 3.5).  447 

The partial effects of latitude and longitude were the spatial residues not explained by 448 

other predictors and suggested some unknown factors not included in the model (Fig. 4F-I). 449 

Residuals of Prochlorococcus abundances were the highest in southeast offshore regions (Fig. 450 

4G), suggesting some factors of coastal origin limiting the abundance of Prorochloroccus. In 451 

contrast, residuals of Synechococcus and picoeukaryote abundances as well as Chl a were the 452 

highest near the northern coast. The opposite spatial patterns between Prochlorococcus and 453 

the other three groups indicated their contrasting preference for oceanic versus coastal 454 

environments.       455 

3.5 Relative importance of each predictor 456 

The key environmental controlling mechanisms can be inferred from the relative 457 

importance of each predictor. Sampling depth was the most important for all groups except 458 

Prochlorococcus (Fig. 5). For Prochlorococcus abundance, sampling depth, surface Chl a, 459 

and SST were equally important. For Chl a and picoeukaryotes, the second most important 460 

predictor was surface Chl a, whereas for Synechococcus it was SST. Other predictors 461 

including Surface PAR (SPARsat) contributed little to explaining the variations of 462 

picophytoplankton abundances.     463 

3.6 Predicted seasonal climatology  464 

The seasonal climatology of surface Chl a concentrations and abundances of the three 465 

picophytoplankton groups was predicted based on seasonal climatology of satellite SST, 466 

surface Chl a and SPARsat (Fig. 6). While the prediction of surface Chl a concentrations itself 467 
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is not interesting, it is useful to comprehend the overall patterns. Surface Chl a concentrations 468 

decreased from onshore to offshore and were higher in winter than in other seasons. The 469 

abundances of Prochlorococcus increased from onshore to offshore and were the highest in 470 

the southeast SCS. Prochlorococcus abundances were higher in summer than in other 471 

seasons. Synechococcus abundances were the highest in some coastal but not the most inshore 472 

waters. Synechococcus cells were also abundant in the southwest waters where Chl a 473 

concentrations were not very high. The seasonality of Synechococcus abundances was also 474 

evident. In the northern nearshore waters, Synechococcus cells were more abundant in 475 

summer than in other seasons, but they were more abundant in winter than in summer in 476 

offshore waters. Picoeukaryote abundances followed the patterns of Chl a with onshore-477 

offshore decreasing trends and were higher in winter than in summer. 478 

3.7 Hindcasts at the SEATS station 479 

The hindcast results at the SEATS station allowed us to examine the seasonality of 480 

picophytoplankton abundances in the SCS basin in greater detail (Fig. 7). Chl a subsurface 481 

maximum was pronounced at the SEATS station, occurring between 30 m to 70 m. When 482 

surface Chl a concentrations were low, the subsurface chlorophyll maximum layers were deep 483 

and vice versa. Chl a concentrations usually peaked in the winter and were the lowest in the 484 

summer. Similar to Chl a, picoeukaryotes formed subsurface maximum layers except in 485 

winter when they were uniformly distributed in the upper 60 m.  486 

In contrast, Prochlorococcus and Synechococcus did not exhibit subsurface maximum 487 

layers. Prochlorococcus abundances were an order of magnitude lower below 60 m than at 488 

surface. Synechococcus abundances decreased from surface to the depth even more 489 

dramatically than Prochlorococcus. Seasonally, Prochlorococcus abundances were the 490 

highest in summer, whereas Synechococcus abundances were one order of magnitude higher 491 

in winter than in summer. All these patterns are qualitatively consistent with previous 492 
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observations (Liu et al. 2007) despite some quantitative differences (see Section 4.6 for 493 

detailed discussion).   494 

3.8 Predicted total Chl a and picophytoplankton abundances from 2015 to 2100 495 

       Based on the outputs of the CESM2 model simulated under the “business-as-usual” 496 

scenario, our BRT model predicted that, the annual mean total Chl a would decrease 497 

significantly from 15.7 Gg in 2015 to 12.3 Gg in 2100 (p < 0.001; Fig. 8A). This decreasing 498 

trend existed in both coastal and oceanic waters. In contrast, the total abundances of 499 

Prochlorococcus cells would increase significantly to 2100 in both coastal and oceanic waters 500 

(p < 0.001; Fig. 8B). The total abundances of Synechococcus and picoeukaryte cells would 501 

not have a clear trend from 2015 to 2100 (p > 0.05; Fig. 8C, D). However, Synechococcus 502 

abundances in coastal waters would increase significantly to 2100 (p < 0.05; Fig. 8C). The 503 

prediction of significant increases of picocyanobacterial abundances (i.e., Prochlorococcus 504 

and Synechococcus) in coastal waters is consistent with other studies (Flombaum et al. 2013; 505 

Schmidt et al. 2020), which appears universal in the global ocean.   506 

4. Discussion 507 

We have presented a large dataset of picophytoplankton abundances in the SCS and 508 

compared four machine-learning algorithms to estimate Chl a concentration and 509 

picophytoplankton abundances based on spatiotemporal and environmental predictors. We 510 

find that the two tree-based algorithms, BRT and RF, perform better than ANN and GAM in 511 

terms of R2 and RMSE, and BRT performs slightly better than RF. Below we will first discuss 512 

the limitations and advantages of our machine learning approach. Then we will discuss the 513 

ecological insights that emerge from our results and compare our simulated patterns with 514 

previous studies. Finally, we suggest some future directions that can improve the present 515 

model. 516 

4.1 Limitations of the machine learning approach 517 
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Statistical modeling approaches are often criticized for lacking appropriate ecological 518 

mechanisms (Elith and Leathwick 2009). Without incorporating the underlying mechanism, 519 

the statistical relationships between predictors and response variables can change substantially 520 

when the driving forces change (e.g. regime shifts), leading to the failure of the machine 521 

learning algorithms (Elith and Leathwick 2009). This problem is particularly notorious when 522 

space or time is used as predictors (Irwin and Finkel 2008). Thus, it is advised that caution 523 

must be taken when extrapolating the results out of the spatial or temporal domain of the 524 

training dataset. We emphasize that the algorithm developed in this study is intended to be 525 

used in the SCS only (north of 16 ºN). The same applies to the predictions using the Earth 526 

System Model outputs (Fig. 8). Therefore, we regard our predictions tentative and expect that 527 

the observed trends may change with future improvements in both Earth System Models and 528 

the machine learning algorithms themselves.  529 

One challenge in statistical models is to incorporate the effect of dispersal (Elith and 530 

Leathwick 2009). For marine phytoplankton with limited mobility, the dispersal is mostly 531 

driven by ocean currents. While some current effects might have been captured by the 532 

geographic coordinates, it is far from clear to what extent our machine-learning algorithms 533 

can faithfully incorporate the effect of ocean currents. While hopefully the local biotic 534 

interactions such as competition and predation can override the effect of current dispersion, 535 

we might expect that in some areas where currents are strong and variable, the machine 536 

learning algorithms might have less predictive accuracy. 537 

Spatial scale is another challenge for statistical models (Elith and Leathwick 2009). Since 538 

statistical models heavily rely on data to train the algorithms, the algorithms trained by 539 

observational data collected at one spatial resolution cannot be easily used for prediction at 540 

another spatial resolution. The spatial resolution of our data is relatively coarse (i.e., at the 541 

scale of one or half of a degree). Therefore, we should be cautious when using this algorithm 542 
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at finer scales at which the mechanisms controlling plankton distribution would be different 543 

from those at coarser scales. Phytoplankton data collected at very fine scales (e.g., on the 544 

order of km) are scarce due to the cost of sampling. A notable example is Martin et al. (2003), 545 

who found substantial spatial variability of picoplankton abundances at 1.5 km resolution in 546 

the Celtic Sea. In contrast, Zinser et al. (2007) found little difference in Prochlorococcus 547 

distribution between some nearby stations in the Sargasso Sea. We suspect that at small 548 

scales, stirring, turbulent mixing, and submesoscale processes might play an important role in 549 

affecting plankton distributions (Mahadevan 2016; Paparella and Vichi 2020), whereas 550 

environmental effects on phytoplankton growth are more important at large scales. These 551 

conjectures remain to be tested in the field.  552 

Another limitation of our approach is that the predictive accuracy depends on the quality 553 

of the input data. We used in situ observations of surface Chl a and SST as inputs for the 554 

algorithms, but had to use satellite data to generate climatology and hindcasts. While it is 555 

beyond the scope of our study to validate satellite products, it is important to note that 556 

MODIS might overestimate Chl a in the SCS (Tang et al. 2008; Pan et al. 2010). Based on the 557 

partial effects of surface Chl a on picophytoplankton abundances (Fig. 4C), overestimated 558 

surface Chl a might underestimate Prochlorococcus abundance, but its effect on 559 

Synechococcus and picoeukaryote abundances may depend on local environmental conditions 560 

due to the nonlinear effect of surface Chl a on the abundances of Synechococcus and 561 

picoeukaryotes. However, this bias of MODIS may have been alleviated by the new algorithm 562 

implemented (Hu et al. 2012). The same applies to the input of SPARsat, for which we had to 563 

use 8-days composite satellite data. As such, the SPARsat data did not have the same quality as 564 

surface Chl a and SST and would not capture the daily variability of real surface PAR. If we 565 

used the in situ surface PAR as inputs, the importance of surface PAR might be greater than 566 

our current algorithm. We encourage users to use directly measured surface Chl a, SST, and 567 
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PAR as predictors as long as these data are available or at least to check the validity of these 568 

input data.   569 

4.2 Advantages of the machine learning approach 570 

One advantage of the machine-learning approach is that high prediction precision can be 571 

achieved without incurring substantial computing resources. The mainstream three-572 

dimensional numerical models that couple ocean physics and biology need supercomputers 573 

and they do not necessarily generate accurate outputs that match with observations 574 

(Kwiatkowski et al. 2014). At present, many biological models remain poorly constrained in 575 

terms of model formulation and parameterization (Anderson 2005; Franks 2009). The 576 

majority of plankton models do not resolve the subtle niche differences among the 577 

picophytoplankton groups, although numerous picophytoplankton data have been 578 

accumulated (Li 2002, 2009; Buitenhuis et al. 2012; Flombaum et al. 2013, 2020). The niche 579 

difference between Prochlorococcus and other phytoplankton suggests that it is essential to 580 

treat Prochlorococcus as explicit state variables in plankton models (the smallest 581 

phytoplankton group in Dutkiewicz et al. 2020). Machine-learning approaches provide a 582 

cheap but reliable alternative tool for predicting biological variables and help integrate 583 

individual cruise snapshots into more complete and robust pictures, which can be used for 584 

calibrating and validating process-based ecosystem models.  585 

Another advantage of the machine-learning approach is that it requires relatively little 586 

environmental information to predict the biological response variables. For a process-based 587 

model, we need information not only of physics forcing such as ocean currents and eddy 588 

diffusivity, but also parameters of plankton growth and mortality. In contrast, for the 589 

machine-learning algorithm, the user will only need to provide the information of time and 590 

space and the algorithm can automatically search the corresponding environmental variables 591 

from some online database and predict the model outputs.  592 
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4.3 Why BRT performs the best? 593 

We find that BRT performs the best compared to other three algorithms for all the three 594 

performance indicators and for nearly all four plankton groups (Table 1). While RF performs 595 

only slightly worse, the advantages of BRT are significant compared to ANN and GAM. It is 596 

worth noting that all the four algorithms can accommodate nonlinear complex functions and 597 

interactions and all of them should perform better than the traditional multiple linear or 598 

nonlinear regressions (Chen et al. 2019b; Morozov and Tang 2019). However, the relative 599 

superiority of one algorithm over the other may vary case by case and depend on the specific 600 

features of the data (Elith and Graham 2009). We also admit that we only tried one specific 601 

version (“Resilient backpropagation”) of ANN (Riedmiller 1994a, b). It is plausible that 602 

recent developments of ANN might generate better results (Mattei and Scardi 2020; Hanson 603 

et al. 2020).  604 

Despite the above considerations, the superior performance of BRT and RF has been 605 

shown in a number of studies (Elith and Graham 2009; Chen et al. 2019b). BRT outperformed 606 

RF and some other algorithms such as MaxEnt in modeling a species presence-absence 607 

dataset (Elith and Graham 2009). RF outperformed ANN and Support Vector Machines 608 

(SVM) for modelling the partial pressure of CO2 in the Gulf of Mexico (Chen et al. 2019b). 609 

One advantage of the tree-based techniques such as RF and BRT is that they are not restricted 610 

to simulate smooth functions between output and input as GAM and ANN. This is 611 

particularly relevant for modeling Prochlorococcus abundances because they are absent in 612 

coastal waters, which creates a steep gradient from offshore to onshore. This problem might 613 

be alleviated by adding a separate model to estimate the probability of presence of 614 

Prochlorococcus (Flombaum et al. 2013). Elith et al. (2008) speculated that the superiority of 615 

BRT over RF may relate to the fact that trees are sequentially fitted to the residuals in the 616 

BRT algorithm, thus minimizing the potential bias. In summary, our exercise suggests that 617 
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BRT is a powerful machine-learning algorithm and should be increasingly used in 618 

oceanography studies. 619 

4.4 Ecological insights from the model 620 

4.4.1 Temperature and light effects 621 

Our model predictions confirm previous studies that temperature and light play dominant 622 

roles in affecting distributions of picophytoplankton (Johnson et al. 2006; Zinser et al. 2007; 623 

Flombaum et al. 2013, 2020). First, Prochlorococcus abundances show a clear increasing 624 

trend with temperature (Fig. 4D). This pattern can arise from either direct or indirect effects of 625 

temperature. The direct effect is that the optimal growth temperature of the numerically 626 

dominant Prochlorococcus ecotypes such as eMIT9312 in the SCS (Huang et al. 2012) is 627 

higher than many other phytoplankton species including other Prochlorococcus ecotypes such 628 

as eMED4 or low-light adapted ones (Johnson et al. 2006). The indirect effect is that 629 

temperature is often negatively correlated with nutrient supply as surface warm waters 630 

enhance stratification and reduce vertical upward nutrient supply (Doney 2006). As 631 

Prochlorococcus cells are small, they have a high surface-to-volume ratio that leads to a thin 632 

diffusion boundary layer and a low nutrient half-saturation constant (Fiksen et al. 2013). 633 

Consequently, they are adapted to the warm, oligotrophic environment where nutrient is 634 

scarce.  635 

The partial effect of temperature on Synechococcus is consistent with the winter blooms 636 

observed at the SCS basin (Liu et al. 2007). The BRT model predicts that Synechococcus is 637 

more abundant when temperature is below 24 ºC when other predictors are held constant (Fig. 638 

4D). Compared with the global patterns of Synechococcus (Flombaum et al. 2013), the global 639 

peak of Synechococcus abundance around 10 ºC does not exist in the SCS. A possible 640 

explanation is that the dominant Synechococcus ecotypes such as the Clade I in high latitude 641 

waters are nearly absent in the SCS, although occasionally the environmental conditions can 642 
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also be favorable for these ecotypes (Xia et al. 2017). It raises the possibility that the different 643 

community composition caused by geographic barriers can also affect the responses of 644 

phytoplankton biomass to environmental conditions.  645 

Second, both Prochlorococcus and Synechococcus are more abundant under high light at 646 

surface waters than under low light at depth, which can be inferred from their vertical profiles 647 

(i.e., the partial effect of depth) (Figs. 2, 4A). This is consistent with the laboratory findings 648 

that high-light adapted ecotypes of Prochlorococcus share similarly high optimal light and 649 

photo-repair capacity with Synechococcus (Moore et al. 1995; Six et al. 2007). While the low-650 

light adapted ecotypes proliferate at depth, high-light adapted ecotypes, particularly 651 

eMIT9312, tend to outnumber low-light adapted ones (Zinser et al. 2007; Malmstrom et al. 652 

2010). The pattern that Synechococcus abundances attenuate more rapidly with depth than 653 

Prochlorococcus (Fig. 4A) reflects the contribution of low-light adapted ecotypes to 654 

maintaining total Prochlorococcus abundance in the lower euphotic zone and the lack of low-655 

light adapted Synechococcus ecotypes.  656 

On the other hand, it is worth noting that the abundances of both Prochlorococcus and 657 

Synechococcus do not have clear trends with surface PAR (Fig. 4E), which seems to suggest 658 

that light itself does not strongly affect picophytoplankton abundances. This difference with 659 

the inference from the partial effect of depth may arise from two factors. First, daily surface 660 

PAR varies over only an order of magnitude (4.6 ~ 58 E m-2 d-1) in our dataset (Fig. 4E), 661 

while the in situ PAR (PARz) varies over two orders of magnitude (0.5 ~ 58 E m-2 d-1) (Fig. 662 

3B,F,J). It is plausible that the decline of abundances of Prochlorococcus and Synechococcus 663 

is only evident under low light ranges (< 5 E m-2 d-1; Fig. 3B,F,J). Second, the depth effect 664 

may also include the effects of other environmental factors such as nutrient supply. Compared 665 

to picoeukaryotes and larger phytoplankton, both Prochlorococcus and Synechococcus have 666 

smaller size and are better adapted to surface waters where nutrient is limiting (Schmidt et al. 667 
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2020). Thus, the vertical trends of picophytoplankton abundances may include the effects of 668 

both light and nutrient. 669 

4.4.2 Effect of trophic state 670 

As mentioned above, the surface peak of Prochlorococcus and Synechococcus 671 

abundances also reflects their superior competitive ability for nutrients which are the most 672 

limiting in surface waters. Different from Prochlorococcus and Synechococcus, picoeukaryote 673 

abundances and total Chl a tend to form subsurface maximum layers. While the subsurface 674 

chlorophyll maximum may not correspond to the maximum layer of phytoplankton biomass 675 

in terms of carbon or nitrogen due to photo-acclimation (Cullen 2015; Chen and Smith 2018), 676 

the subsurface maximum layer of picoeukaryote abundance (and the absence of subsurface 677 

maximum layers of Prochlorococcus and Synechococcus) suggests that picoeukaryotes have 678 

higher nutrient requirements than the two pico-cyanobacteria (Schmidt et al. 2020).  679 

The partial effect of surface Chl a on the abundances of the three picophytoplankton (Fig. 680 

4C) further confirms the rank of the ability adapting to the oligotrophic environment: 681 

Prochlorococcus > Synechococcus > picoeukaryotes > larger phytoplankton. 682 

Prochlorococcus is most abundant in waters where surface Chl a < 0.2 mg m-3 and its 683 

abundance decreases sharply with Chl a when surface Chl a exceeds this value. This pattern 684 

of decreasing abundance of Prochlorococcus with Chl a is contrary to the notion that the 685 

biomass of Synechococcus and picoeukaryotes are added to the relatively constant base of 686 

Prochlorococcus when total phytoplankton biomass increases (Landry and Kirchman 2002), 687 

but is consistent with the pattern of a global dataset (Li 2009). While the changes of 688 

Synechococcus and picoeukaryote abundances with surface Chl a are less dramatic, the 689 

surface Chl a concentrations corresponding to the maximal Synechococcus and picoeukaryote 690 

abundances are around 0.1 mg m-3
 and 1 mg m-3, respectively. This ranking of adaptive ability 691 

to oligotrophy is consistent with their size differences: Prochlorococcus < Synechococcus < 692 
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picoeukaryotes < larger phytoplankton. The above observations are consistent with the theory 693 

that size is highly correlated with nutrient-related traits (Litchman and Klausmeier 2008) and 694 

can be used as a trait in plankton ecosystem models (Chen et al. 2019a; Dutkiewicz et al. 695 

2020). 696 

4.4.3 Community shift from offshore to onshore waters 697 

The horizontal residuals that are not explained by surface Chl a, temperature, and PAR 698 

suggest that other factors might affect picophytoplankton distributions. With the same levels 699 

of surface Chl a, temperature, and PAR, there is a shift of community structure from 700 

Prochlorococcus to Synechococcus and picoeukaryotes from offshore to onshore waters. The 701 

reduced Prochlorococcus abundances and the absence of Prochlorococcus (with the same 702 

levels of surface Chl a, temperature, and PAR) in coastal waters might either relate to the 703 

elevated concentrations of Copper, which is toxic to Prochlorococcus (Mann et al. 2002), or 704 

the increased turbidity in coastal waters that reduced light availability to Prochlorococcus 705 

even with the same surface PAR, or enhanced mortality due to more abundant grazers (Chen 706 

et al. 2009).  707 

4.5 Comparison with previous studies in the SCS 708 

Our modeled climatology and hindcasts at SEATS are qualitatively consistent with the 709 

observed patterns in previous independent studies (Ning et al. 2005; Pan et al. 2006, 2013; 710 

Liu et al. 2007; Morozov and Tang 2019). For example, it has been repeatedly observed that 711 

Prochlorococcus abundances increase from onshore to offshore waters and are absent in 712 

nearshore waters (Fig. 6; Ning et al. 2005; Pan et al. 2006, 2013; Morozov and Tang 2019). 713 

The only exception is that Pan et al. (2013) predicted higher Prochlorococcus abundances in 714 

coastal waters than in offshore waters during summer. Given our knowledge of the preference 715 

of Prochlorococcus for high temperature and oligotrophic environment (Zinser et al. 2007; 716 

Flombaum et al. 2013), we are confident that the increasing trend of Prochlorococcus 717 
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abundance from onshore to offshore should be robust. 718 

Both Morozov and Tang (2019) and our study showed higher Prochlorococcus 719 

abundances in summer than in winter, while Pan et al. (2013) showed similar abundances of 720 

Prochlorococcus between summer and winter. As our predicted winter Prochlorococcus 721 

abundances match well with those in Pan et al. (2006) and because there were no winter 722 

observational data in Pan et al. (2013), we believe that Prochlorococcus should be less 723 

abundant in winter than in summer, which is also consistent with the consensus that 724 

Prochlorococcus cells prefer high temperature and oligotrophic environments (Zinser et al. 725 

2007; Flombaum et al. 2013). 726 

Our prediction of the opposite seasonality of Synechococcus between coastal and 727 

offshore waters (i.e., Synechococcus cells are more abundant in summer than in winter in 728 

coastal waters, but the opposite is true in offshore waters; Figs. 6,7) is also consistent with Liu 729 

et al. (2007), Pan et al. (2013), and Morozov and Tang (2019). The higher abundance of 730 

picoeukaryotes in winter than in summer predicted by our BRT model is also evident in Pan 731 

et al. (2013) and Morozov and Tang (2019). These patterns reflect that Synechococcus and 732 

picoeukaryote cells prefer mesotrophic waters and intermediate temperatures (21 ºC ~ 24 ºC) 733 

in the SCS. 734 

 While our predictions generate patterns that are qualitatively similar with previous 735 

studies, quantitative differences do exist. For example, the summer surface Prochlorococcus 736 

abundances predicted by Morozov and Tang (2019) were less than 6 x 104 cells mL-1 (their 737 

fig. 10), lower than our predictions (~ 105 cells mL-1) and the in situ data. The spatial patterns 738 

of our predicted Synechococcus abundances were also different from those in Morozov and 739 

Tang (2019) in the winter, but were more similar to Pan et al. (2013). Our predicted winter 740 

Synechococcus abundances at the SEATS station were lower than the reported winter bloom 741 

(~2 x 105 cells mL-1) in Liu et al. (2007), which has not been captured by any other studies. 742 
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We suspect that this abnormally high abundance of Synechococcus observed in Liu et al. 743 

(2007) might be a snapshot and does not reflect the normal condition.  744 

To summarize, given our much larger dataset and higher R2, we believe that our 745 

algorithm has improved the ability of predicting picophytoplankton abundances in the SCS.   746 

4.6 Future directions 747 

Two areas can be improved by future work. The first is to boost predictive accuracy. 748 

This can be achieved by collecting more data and by improving the machine learning 749 

algorithms, for example, by incorporating information from reflectance observed by satellite 750 

(Morozov and Tang 2019), by developing recurrent neural networks (Hanson et al. 2020) or 751 

deep learning algorithms (Christin et al. 2019).  752 

The second direction is to enhance the understanding the driving mechanisms by 753 

blending machine-learning approaches with process-based models and embedding ecological 754 

principles into machine-learning algorithms (Hanson et al. 2020; Mattei and Scardi 2020). In 755 

our case, it is possible to use the outputs of three-dimensional ocean plankton models as part 756 

of the inputs for the machine learning algorithm (Hanson et al. 2020). This type of hybrid 757 

model can incorporate the mechanisms (e.g., dispersal) that are absent in machine learning 758 

algorithms, while simultaneously achieving similar or better prediction accuracy than the 759 

machine learning algorithm alone.   760 

5. Conclusion 761 

We have described a large dataset of picophytoplankton abundances and compared four 762 

machine learning algorithms to estimate them in the SCS. We show that Boosted Regression 763 

Trees achieved the best prediction accuracy and encourage its usage in oceanographic studies. 764 

The model outputs suggest that the three environmental factors (temperature, light, and 765 

trophic state) strongly influence picophytoplankton abundances. Prochlorococcus cells prefer 766 

high temperature and oligotrophic offshore waters. Synechococcus cells prefer high light and 767 
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mesotrophic waters. Picoeukaryotes require more nutrients than Prochlorococcus and 768 

Synechococcus due to their larger size and form subsurface maximum layers. The patterns and 769 

predictions provided by the machine learning algorithms will be useful for optimizing 770 

regional process-based marine ecosystem models (Gan et al. 2010). Our forecasts highlight 771 

that both the absolute abundances and the percentages of pico-cyanobacteria (i.e., 772 

Prochlorococcus and Synechococcus) may increase in the SCS coastal waters from the 773 

present to the end of this century under the “business-as-usual” scenario, implying a 774 

deterioration of food web quality under climate change (Schmidt et al. 2020). 775 

  776 
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Table 1. Goodness of fit of four optimized algorithms for Chl a concentration (Chl) and 1007 

abundances of three picophytoplankton groups (Prochlorococcus (Pro), Synechococcus (Syn), 1008 

and picoeukaryotes (Peuk)). Half of the data was randomly chosen as the train data and the 1009 

rest was used as the test data. The model was built on the train data and the response variables 1010 

were estimated based on the predictors in the test dataset. The RMSE (root mean square 1011 

errors), R2, and MB (mean bias) were calculated for the pairwise natural log-transformed in 1012 

situ observations and model predictions of the test dataset. The values in the parentheses are 1013 

the standard deviations of ten random permutations. GAM: Generalized Additive Models. 1014 

ANN: Artificial Neural Network. RF: Random Forests. BRT: Boosted Regression Trees. 1015 

GAM parameters: k = 40, gamma = 1.4. ANN parameters: one hidden layer with 10 neurons. 1016 

RF parameters: 1000 trees with 3 variables randomly selected at each step. BRT parameters: 1017 

Tree complexity = 15, learning rate = 0.01. 1018 

 1019 

Variables  GAM ANN RF BRT 

Chl RMSE 0.72 (0.02) 0.61 (0.02) 0.58 (0.02) 0.56 (0.02) 

 R2 0.71 (0.01) 0.79 (0.01) 0.81 (0.01) 0.82 (0.01) 

 MB 0.01 (0.04) 0.00 (0.02) 0.00 (0.02) -0.01 (0.02) 

Pro RMSE 1.44 (0.08) 1.40 (0.07) 1.18 (0.07) 1.09 (0.07) 

 R2 0.74 (0.02) 0.76 (0.02)  0.83 (0.01) 0.85 (0.02) 

 MB -0.01 (0.08) 0.02 (0.07) 0.02 (0.04) -0.01 (0.03) 

Syn RMSE 1.14 (0.03) 1.10 (0.03) 0.92 (0.04) 0.93 (0.02) 

 R2 0.77 (0.01) 0.79 (0.01) 0.85 (0.01) 0.85 (0.01) 

 MB 0.01 (0.05) 0.00 (0.03) 0.01 (0.05) -0.01 (0.04) 

Peuk RMSE 0.93 (0.02) 0.88 (0.02) 0.79 (0.03) 0.76 (0.02) 

 R2 0.65 (0.01) 0.69 (0.01) 0.76 (0.01) 0.77 (0.01) 

 MB 0.01 (0.05) 0.00 (0.05) 0.00 (0.03) -0.01 (0.03) 

  1020 

  1021 
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Figure captions 1022 

Fig. 1. Sampling stations (white diamonds) of picophytoplankton in the South China Sea. The 1023 

colors denote bathymetry.  1024 

Fig. 2. Vertical distributions of (A) Chl a concentration, (B) Prochlorococcus (Pro) abun- 1025 

dance, (C) Synechococcus (Syn) abundance, and (D) picoeukaryote (Peuk) abundance. 1026 

The solid lines of different colors represent cubic spline smoothing lines of four seasons 1027 

(Winter: January to March; Spring: April to June; Summer: July to September; Autumn: 1028 

October to December).  1029 

Fig. 3. Relationships between (A-D) Prochlorococcus (Pro) abundance, (E-G) Synechococcus 1030 

(Syn) abundance, (H-K) picoeukaryote (Peuk) abundance with local temperature 1031 

(Temp), photosynthetic available radiation (PARz), nitrate, and Chl a concentration. 1032 

The red dots represent surface samples (≤ 5m).  1033 

Fig. 4. Partial effects of each individual environmental factor on picophytoplankton 1034 

abundances and Chl a concentration estimated by Boosted Regression Trees. (A-E) 1035 

denotes the partial effect of Depth, Date of the Year (Month), surface Chl concentration, 1036 

sea surface temperature, and PAR on Chl a concentration, abundances of 1037 

Prochlorococcus (Pro), Synechococcus (Syn), and picoeukaryote (Peuk), respectively. 1038 

(F-I) denote the partial effects of longitude and latitude, respectively. The default 1039 

settings are: Depth = 50 m, Date of the Year = 195 (July 15th), Surface Chl = 0.16 mg 1040 

m–3, Surface temperature = 28.4 ºC, Surface PAR = 42.9 E m-2 d-1.  1041 

Fig. 5. Percentages of contribution of each predictor variable explaining the variations of (A) 1042 

Chl a, (B) Prochlorococcus (Pro), (C) Synechococcus (Syn), and (D) picoeukaryote 1043 

(Peuk). Error bars denote 95% confidence intervals.  1044 
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Fig. 6. Predicted seasonal climatology of Chl a concentrations (mg m–3) and abundances 1045 

(cells mL-1) of three picophytoplankton groups in surface waters (5 m). Pro: 1046 

Prochlorococcus. Syn: Synechococcus. Peuk: picoeukaryotes.  1047 

Fig. 7. Predicted time-series changes of Chl a concentrations (mg m–3) and abundances (cells 1048 

mL-1) of three picophytoplankton groups in the upper 150 m at the SEATS station (116 1049 

◦E, 18 ◦N) from July 2002 to the end of 2013 based on MODIS-Aqua data.  1050 

Fig. 8. Predicted (A) total Chl a, (B) Prochlorococcus (Pro), (C) Synechococcus (Syn), and 1051 

(D) picoeukaryote abundances in the South China Sea integrated from surface to 150 m 1052 

(or sea bottom, whichever is shallower) from 2015 to 2100 based on the outputs of 1053 

CMIP6 Community Earth System Model (CESM2) simulated under the “business as 1054 

usual” (ssp585) scenario. Coastal and oceanic environments are defined as shallower 1055 

and deeper than 200 m, respectively. Solid lines represent ordinary least square linear 1056 

regression lines. 1057 


