SUPPLEMENTAL INFORMATION
Methods
Chemical Analyses Methods
Water samples for chemical analyses were transported on ice to the South Florida Water Management District Laboratory following collection and stored at 4°C. Samples were analyzed for ammonia (NH3), nitrogen oxides (NOx), orthophosphate (PO4), and silicon dioxide (SIO2) using a FIAlyzer-FLEX flow injection analyzer following SM4500-NH3 H, SM4500-NO3 F, SM4500-P F, and SM4500 SiO2-F methods. Total nitrogen and total dissolved nitrogen (TN and TDN) digestion followed SM4500-N C methods and SM4500-NO3 F analysis. Total phosphorus (TP) digestion followed SM4500-P B-5 methods and SM4500-P analysis. DOC was analyzed on a Shimadzu TOC-L Analyzer following SM5410-B methods.

Phytoplankton Composition and Biomass Analysis
Phytoplankton cells were identified and counted at 400× and 100× with a Leica phase contrast inverted microscope. At 400×, a minimum of 100 cells of a single taxon and 30 grids were counted. If 100 cells of a single taxon were not counted by 30 grids, up to a maximum of 100 grids were counted until 100 cells of a single taxon were reached. At 100×, a total bottom count was completed for taxa >30 µm in size. The identity of A. lagunensis as the dominant species in 2012 and 2013 was further confirmed using SEM/TEM, based on existing documentation on the species for the region (Gobler et al., 2013; Phlips et al., 2012). Cell biovolumes (µm-3 cell-1) were estimated by assigning combinations of geometric shapes to fit the characteristics of individual taxa (Smayda, 1978; Sun and Liu, 2003). Specific phytoplankton dimensions were measured for at least 30 randomly selected cells. Species which vary substantially in size, such as many diatom species, were placed into size categories.  Phytoplankton biomass as carbon values (µg carbon ml-1) was estimated by using conversion factors for different taxonomic groups applied to biovolume estimates, i.e., 0.065 x biovolume (µm-3 ml-1 x 10-6) of diatoms, 0.16 x biovolume of dinoflagellates and 0.22 x biovolume of cyanobacteria and other phytoplankton taxa (Strathmann, 1967; Ahlgren, 1983; Sicko-Goad et al., 1984; Verity et al., 1992; Work et al., 2005). 

Seagrass and Macroalgae Distribution and Biomass
Data for determining biomass of seagrass, drift algae and the benthic macroalga Caulerpa was collected at multiple transect sites in the Mosquito Lagoon, Banana River lagoon, northern IRL and Central IRL (Fig. S1).  
Equation 1   Seagrass 
Equation 2   Caulerpa Biomass 
[image: ]The resulting biomasses were then converted to the mass of carbon (C). Dried samples of seagrass and drift macroalgae were ground to fine powder with a mortar and pestle and stored in capped glass vials at room temperature. Subsamples in small vials are held at 80°C overnight to ensure they are dry before being shipped to the University of Maryland’s Nutrient Analytical Services Laboratory for determination of C, N, and P contents. Analytical procedures, quality control/quality assurance measures, and other details can be found at: https://www.umces.edu/nutrient-analytical-services-laboratory (Equations 3 and 4). Dried samples of C. prolifera were also ground to fine powder with a mortar and pestle and stored in capped glass vials at room temperature and sent to the University of Florida lab for determination of C and N contents (Equation 5). 



Equation 3	Seagrass carbon (g m-2) = Biomass (g dry weight m-2) 
Equation 4   Drift macroalgae carbon (g m-2) = Biomass (g dry weight m-2) 
Equation 5   Caulerpa carbon (g m-2) = Biomass (g dry weight m-2) 

Bayesian Model Analyses - Spatiotemporal modeling
Separate models were created for each response variable (i.e., phytoplankton taxonomic group or total phytoplankton) and each site. For diatoms, all explanatory covariates were included in the model. For the other six response variables, because they are not affected by silica limitation, all explanatory covariates except SiO2 were considered. 
For the models for sites IR3 and IR4, we included an additional covariate, named “influence”, which includes approximately 28-day lagged response variable observations from a neighboring site (site IR2 for site IR3, and site IR3 for site IR4). This predictor was included at these sites because of the known importance of physical transport of phytoplankton biomass from neighboring locations. For the “influence” variables, we had to replace missing values to ensure a complete dataset. To properly account for uncertainty, we used multiple imputation to populate missing values using the site-specific models for sites IR2 and IR3. Specifically, we used the mean of 10 random posterior draws from the corresponding single-site model as the influence variable and ran the model. Using a model to replace missing values allowed us to consider water chemistry conditions more broadly instead of performing a simple linear imputation. To replace missing influence values, we used the mean of 10 posterior draws from the site-specific models.
To fit the regression models with spatiotemporal correlation structure, we assumed each response variable, , could be decomposed into the true concentration () and measurement error (),


The measurement errors are assumed to be independent over space and time.  is then represented as: 


where  is temporal correlation,  is the previous concentration,  includes each explanatory covariate observation over time () and the corresponding slope coefficients (), and  denotes the spatial effect and is assumed to follow a  distribution, where  is the spatial variance, constant for all sites, and  is the spatial correlation matrix from the general Matérn correlation function. Two parameters,  and , define the Matérn spatial correlation function and control the rate of decay and smoothness, respectively. Effect sizes were concluded to be significant if the 95% credible interval did not include zero. 
Model performance, as determined by out-of-sample testing data from the cross-validation procedure, was best for cyanobacteria, Aureoumbra lagunensis/nanoplanktonic phytoplankton, cyanobacteria and total biomass (Fig. S1). For these groups, the observed and predicted data were typically correlated in the range of 0.6-0.8, with some lower correlations at IR3, and IR4. The models for dinoflagellates and Pyrodinium bahamense had moderate performance, mostly between 0.5 and 0.6, with exceptions at IR1 and IR4. The poorest overall model performance was for diatoms, particularly for MQ1 and MQ2, where the correlation between observed and predicted diatom biomass was less than 0.2. Because covariates were normalized before model fitting, their corresponding coefficient values () can be directly interpreted as effect sizes.
The total and dissolved fractions of TN and TP were not strongly correlated across sites (Table S1) so we included the dissolved fractions (TNd and TPd) in addition to the totals in our model analysis.
Table S1. Correlation between total and dissolved fractions of phosphorous (P) and nitrogen (N) across sites. 
	
	Site 1
	Site 1.5
	Site 2
	Site 3 
	Site 3.5
	Site 4.1 
	Site 5
	Site 6

	TP vs TPd
	0.43
	0.62
	0.47
	0.46
	0.57
	0.30
	0.44
	0.67

	TN vs TNd
	0.40
	0.61
	0.40
	0.33
	0.35
	0.53
	0.63
	0.58



To account for ENSO activity, we accessed Multivariate ENSO Index (MEI) data for our study period and specifically used values for January-February (hereafter referred to as JF). 
Data cleaning
For our models, we considered seven response variables: five phytoplankton taxa groups (dinoflagellate, diatom, cyanobacteria, Pyrodinium, and Aureoumbra combined with other nano species) and two variables corresponding to total phytoplankton (total carbon biomass and chlorophyll-a). 
To create a consistent and continuous temporal structure to the sampling data, we calculated biweekly (two-week) averages for each variable, and left the biweekly average as “NA” (i.e., missing) if no data entry existed for the two-week window. Per this structure, each site could have up to 667 biweekly averages for missing observations for each response variable and site (Table S2). All the response variables had right-skewed distributions; thus, we transformed the biweekly averages by multiplying the minimum non-zero values by 0.5, adding the previous values to all values, and taking the natural log of the sums. Following this transformation, the variables were approximately normally distributed (determined via visual inspection), with the exception of Aureoumbra at site 1.5.
We similarly created biweekly averages for each of the nine explanatory covariates (TP, TPd, TN, TNd, ortho-P, NOx, NH4, SiO2, water temperature, salinity, Secchi depth, and JF). Linear imputation was used to fill missing values in the explanatory covariates. All covariates were then normalized. 
Table S2. Number of biweekly averages for which there were missing values for each response variable and site. 
	Response Variable
	Site

	
	Site 1
	Site 1.5
	Site 2
	Site 3 
	Site 3.5
	Site 4.1
	Site 5
	Site 6

	Dinoflagellate
	476
	328
	237
	234
	399
	322
	233
	391

	Diatom 
	476
	328
	237
	234
	399
	322
	233
	391

	Cyanobacteria
	476
	328
	237
	234
	399
	322
	233
	391

	Aureoumbra
	476
	328
	237
	234
	399
	322
	233
	391

	Biomass
	476
	328
	237
	233
	399
	321
	233
	389

	Chlorophyll
	377
	228
	214
	209
	313
	214
	210
	361

	Pyrodinium
	628
	555
	491
	483
	529
	537
	549
	633

	Total 
	667
	667
	667
	667
	667
	667
	667
	667



Model performance evaluation
To evaluate the performance of our models, we obtained out-of-sample mean squared errors (MSE) and Pearson correlations between predictive and observed values using ten-fold cross validation (Table S3). We randomly assigned the data to ten folds. Since our data were correlated spatially and temporally, we did not include out-of-sample R2 as an error metric. MSE values were also calculated from “null” models, defined as the variance of the species without accounting for any external predictors, to create benchmarks for comparison purposes (Fig. S2).



Table S3. Mean squared errors (MSE) from cross-validation for the full model (i.e., the trained model) and a null model (i.e., an uninformed model). The closer the full model MSE is to the null MSE, the worse the model performance. 

	Response variable
	Site 1
	Site 1.5
	Site 2 
	Site 3 

	
	Full 
	Null
	Full
	Null 
	Full
	Null
	Full
	Null

	Dino
	2.65
	3.31
	0.95
	1.32
	1.60
	2.27
	1.66
	2.23

	Diatom
	1.55
	1.60
	2.15
	2.22
	2.60
	2.88
	4.87
	5.60

	Cyano
	1.98
	2.77
	1.06
	2.16
	2.17
	3.72
	1.67
	2.31

	Aureo
	2.73
	3.48
	2.98
	8.16
	2.64
	5.42
	2.69
	4.69

	Biomass
	1.22
	1.79
	0.67
	1.74
	0.87
	1.91
	0.88
	1.60

	Chla
	0.60
	0.97
	0.49
	1.04
	0.40
	0.89
	0.45
	0.86

	Pyro
	4.07
	4.02
	3.23
	3.73
	4.71
	5.72
	4.96
	6.36



	
	Site 3.5
	Site 4.1
	Site 5
	Site 6

	
	Full 
	Null
	Full
	Null 
	Full
	Null
	Full
	Null

	Dino
	1.62
	1.90
	2.66
	3.65
	1.98
	2.52
	2.47
	2.71

	Diatom
	3.91
	4.65
	2.75
	3.44
	2.56
	2.84
	1.91
	2.28

	Cyano
	1.99
	3.28
	1.93
	3.12
	1.60
	2.08
	1.24
	1.42

	Aureo
	2.91
	4.86
	2.12
	3.77
	2.47
	3.26
	1.56
	1.86

	Biomass
	0.84
	1.38
	1.00
	1.73
	0.62
	0.92
	0.78
	0.87

	Chla
	0.79
	1.38
	0.57
	0.99
	0.34
	0.55
	0.52
	0.71

	Pyro
	4.28
	4.97
	5.54
	7.65
	4.32
	5.26
	4.24
	3.47





Figure S2. Correlations between observed and predicted values for each of the phytoplankton response variables (Aureoumbra and other nano species, “aureo”; cyanobacteria, “cyano”; diatoms; dinoflagellates, “dino”; Pyrodinium, “pyro”; total carbon biomass, “biomass”) and sites. Correlation coefficients were calculated from out-of-sample values held out during cross-validation. 
[image: ]
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