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Supplementary Figures 

 
Supplementary Figure 1: Global map of observed and modeled nutrient limitation type for small 
phytoplankton. Different colors indicate different nutrient limitation types, and the dots are metagenome-derived 
nutrient limitation types for corresponding stations in which POM samples were collected (Purple = Fe-limited, Blue 
= N-limited, Green = P/N co-limited, Red = P-limited, Grey = Not Applicable). Shadings are based on nutrient 
limitation of small phytoplankton types from the Community Earth System Model Large Ensemble Simulation 
(CESM2-LENS) for (a) the 2010s and (b) the 2090s under SSP3-7.0 scenario.    
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Supplementary Figure 2: Observed C:N:P as a function of surface nitrate concentration for (a) C:P, (b) N:P, 
and (c) C:N. For GAM predictions shown in black lines and shades, SST and nutricline were kept constant at the 
observed mean values of 25 °C and 70 m, respectively. Dots are observed values, and colors represent the nutrient 
limitation type inferred from metagenomes (Purple = Fe-limited, Blue = N-limited, Green = P/N co-limited, Red = 
P-limited, Grey = Unknown). 
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Supplementary Figure 3: Observed N:P as a function of environmental variation. Dots are observed values, 
and colors represent the nutrient limitation type inferred from metagenomes (Purple = Fe-limited, Blue = N-limited, 
Green = P/N co-limited, Red = P-limited, Grey = Unknown). (a) N:P against SST. The black line and shade 
represent GAM prediction and uncertainty (± 2SE) under the constant nutricline depth and surface nitrate values at 
the observed mean values of 70 m and 0.2 μmol kg-1, respectively. (b) N:P against nutricline depth for different 
nutrient limitation types. GAM is fitted separately for each limiting nutrient type under constant SST and surface 
nitrate at the observed mean values of 25 °C and 0.2 μmol kg-1, respectively.  
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Supplementary Figure 4: Modeled annual mean nutrient, temperature, and nutricline fields from CESM2-
LENS for the historic periods (2010s) and the 2090s under the SSP3-7.0 scenario. The last column shows the 
difference between the 2090s and 2010s. 
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Supplementary Figure 5: Evaluation of drivers of future C:P and N:P change. Impact of changes in (a, f) SST, 
(b, g) surface nitrate concentration, (c, h) nutricline depth, (d, i) interaction between nutricline and nutrient 
limitation, and (e, j) the combined effects for the change in community C:P and N:P from the 2010s to the 2090s 
under the SSP3-7.0 scenario.  
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Supplementary Figure 6: Projections of change in C:P under future conditions for different models. (a) % 
change in C:P projected with data-driven GAM applied to output from CESM2 Large Ensemble simulation under 
SSP3-7.0 scenario from the 2010s to 2090s, (b) % change in model C:P export ratio of POM at 100 m under SSP2 
scenario from 2000 to 2100 with MESMO3, (c) % change in model suspended C:P ratio of POM at 100 m under 
RCP8.5 scenario from 2010s to 2090s with PISCES-QUOTA, (d) % change in model C:P export at 100 m under 
RCP8.5 scenario from 2000 to 2090s with MESMO2. 
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Supplementary Tables 
 
Supplementary Table 1: Surface POM samples from Bio-GO-SHIP cruises used in this study. All POM data used in this study 
are publicly available. *C13.5 is a partial occupation of the A13.5 GO-SHIP line that was aborted due to COVID-19. See Larkin et al. 
(2021)28 for further details on metadata variables. 
 

Campaign Temporal Coverage Spatial Coverage DOI n 
AMT-28, 
PML AMT 
SOCCOM, 
NSF 

25 September 2018 - 27 
October 2018 
 

Meridional Atlantic Transect 
(N:49.6380 E:-5.5020 S: -48.1990 
W:-52.692) 

https://doi.org/10/fmkq 740 

C13.5*, GO-
SHIP 

21 March 2020 – 16 April 
2020 

Meridional Atlantic Transect 
(N: 34.5044 E:17.3055 S:-41.4917 
W:-73.51) 

https://doi.org/10.26008/1912/bco-
dmo.868908.1 
 

118 

I07N, GO-
SHIP 

25 April 2018 – 04 June 
2018 

Western Indian Ocean 
(N:17.9990 E:69.4830 S:-30.0120 
W:40.0080) 

https://doi.org/10.26008/1912/bco-
dmo.879076.1 

661 

I09N, GO-
SHIP 

22 March 2016 – 24 April 
2016 

Eastern Indian Ocean 
(N:17.8831 E:110.4547 S:-31.0335 
W:84.7526) 

https://doi.org/10.26008/1912/bco-
dmo.734915.3 
 

235 

NH1418, 
NSF 

20 September 2014 – 6 
October 2014 

Tropical Pacific Ocean 
(N:19.0010 E:-149.6700 S:-3.0001 
W:-158.0000) 
 

https://doi.org/10.26008/1912/bco-
dmo.829895.1 
 

21 

P18, GO-
SHIP 

13 November 2016 – 28 
January 2017 

Meridional Pacific Transect 
(N:28.9071 E:-100.3721 S:-
69.9027 W:-116.0561) 

https://doi.org/10.26008/1912/bco-
dmo.816347.1 
 

195 

 



 9 

Supplementary Table 2: Area-weighted global mean C:N:P (Observation) 
 
 Mean l-95% CI u-95% CI n 
C:P 137.3 135.9 138.8 1970 
N:P 20.7 20.6 20.9 1970 
C:N 6.62 6.58 6.65 1970 

 
Supplementary Table 3: Area-weighted global mean C:N:P (Observation, binned by 1-by-1 
grid) 
 
 Mean l-95% CI u-95% CI n 
C:P 142.3 139.8 144.8 509 
N:P 21.2 20.9 21.5 509 
C:N 6.72 6.65 6.78 509 

 
Supplementary Table 4: Regionally-binned, area-weighted C:N:P. Polar (|Latitude| ≥ 65°), 
Subpolar (45° ≤ |Latitude| < 65°), Subtropical (15° ≤ |Latitude| < 45°), and Tropical (|Latitude| < 
15°). Mean and 95% confidence intervals were computed for log-transformed C:N:P ratios and 
were converted back by taking the exponential.  
 
Region Mean Median l-95% CI u-95% CI n 
C:P      
Polar 82.8 77.7 63.1 125.3 16 
Subpolar 133.7 134.7 65.5 198.0 129 
Subtropical 148.1 147.5 64.5 228.6 1005 
Tropical 129.4 126 70.5 185 820 
N:P      
Polar 14.1 13.2 10.1 19.1 16 
Subpolar 21.5 21.6 15.2 28.7 129 
Subtropical 22.1 22.0 12.5 31.1 1005 
Tropical 19.7 19.0 11.8 27.5 820 
C:N      
Polar 5.7 5.7 5.4 6.1 16 
Subpolar 6.2 6.1 5.0 7.3 129 
Subtropical 6.7 6.7 5.0 8.9 1005 
Tropical 6.6 6.6 5.0 8.4 820 
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Supplementary Table 5: Correlation matrix for (Sub)polar region C:N:P. Asterisks represent the statistical significance (***: p < 
0.001, **: p < 0.01, *: p < 0.05, NA: Not Applicable). 
 

 
Supplementary Table 6: Correlation matrix for (Sub)tropical region C:N:P.  

 
Supplementary Table 7: The individual explained deviance and additive contribution of the four main contextual variables to 
the total explained deviance in generalized additive models (GAMs) for (Sub)polar region C:N:P. Asterisks represent the 
statistical significance (***: p < 0.001, **: p < 0.01, *: p < 0.05).  

SST Nitrate Nutricline Nutricline x 
Nutlim 

Total 
Explained 
Deviance 

C:P 0.367 (***) 0.115 0.065 0 0.548 

N:P 0.303 (***) 0.103 0.056 0 0.463 

C:N 0.060 (**) 0.031 (*) 0.028 (*) 0 0.118 

 
Supplementary Table 8: As in Table S7 but for (Sub)tropical region C:N:P.  

SST Nitrate Nutricline Nutricline x 
Nutlim 

Total Explained 
Deviance 

C:P 0.042 (*) 0.010 0.201 (***) 0.139 (**) 0.392 

N:P 0.072 (***) 0.019 (**) 0.100 (***) 0.178 (***) 0.370 

C:N 0.022 (*) 0.014  0.027 0.073 (***) 0.136 

 Absolute 
Latitude 

SST Nitrate Phosphate FeT Nutricline 
 

MLD MLPAR Chl-a %  
Diatoms 

%  
Coccolithophores 

%  
Chlorophytes 

%  
Cyanobacteria 

C:P -0.79 
(***) 

0.80 
(***) 

-0.71 
(***) 

-0.72  
(***) 

0.65 
(***) 

0.62  
(***) 

-0.11 -0.31  
(*)  

0.65 
(***) 

-0.76 
(***) 

0.77 
(***) 

-0.08 0.68  
(***) 

N:P -0.65 
(***) 

0.66 
(***) 

-0.57 
(***) 

-0.58  
(***) 

0.54 
(***) 

0.48  
(**) 

-0.19 -0.22 0.53 
(***) 

-0.63 
(***) 

0.63  
(***)  

-0.09 0.56  
(***) 

C:N -0.55 
(***) 

0.58 
(***) 

-0.55 
(***) 

-0.54  
(***) 

0.45 
(**) 

0.52  
(***) 

0.17 -0.31  
(*) 

0.49 
(**) 

-0.55 
(***) 

0.55  
(***) 

0.01 0.51  
(***) 

 Absolute 
Latitude 

SST Nitrate Phosphate FeT Nutricline 
 

MLD MLPAR Chl-a %  
Diatoms 

%  
Coccolithophores 

%  
Chlorophytes 

%  
Cyanobacteria 

C:P 0.23 
(***) 

-0.11 
(***) 

-0.19 
(***) 

-0.29  
(***) 

-0.03 0.45  
(***) 

-0.12 
(***) 

0.22  
(***)  

-0.28 
(***) 

-0.12 
(***) 

0.01 
 

-0.31 
(***) 

0.35 
(***) 

N:P 0.29 
(***) 

-0.24 
(***) 

-0.02 -0.15  
(***) 

-0.08 
(**) 

0.29  
(***) 

-0.01 
 

0.05 
  

-0.11 
(***) 

-0.03 0.11 
(***) 

-0.32 
(***) 

0.17 
(***) 

C:N -0.04 0.20 
(***) 

-0.36 
(***) 

-0.32  
(***) 

0.09 
(**) 

0.39  
(***) 

-0.23 
(***) 

0.36  
(***)  

-0.38 
(***) 

-0.28 
(***) 

-0.17 
(***) 

-0.07 
(*) 

0.41 
(***) 
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Supplementary Table 9: Regionally-binned, area-weighted mean C:P and N:P under the 1 
SSP3-7.0 and historic CMIP6 scenarios.  2 
 3 
Region C:P 

Historical 
(2010s) 

C:P  
SSP3-7.0 
(2090s) 

N:P 
Historical 
(2010s) 

N:P  
SSP3-7.0 
(2090s) 

Polar 
(|Latitude| ≥ 65°) 

59.6 65.5 10.4 11.3 

Subpolar 
(45° ≤ |Latitude| < 65°) 

92.2 104.7 15.6 17.5 

Subtropical 
(15° ≤ |Latitude| < 45°) 

141.0 141.9 22.1 21.9 

Tropical 
(|Latitude| < 15°) 

129.9 129.4 20.0 19.0 

(Sub)polar  
(|Latitude| ≥ 45°) 

83.2 94.2 14.2 15.9 

(Sub)tropical  
(|Latitude| < 45°) 

136.7 137.0 21.3 20.7 

Global 120.1 124.4 19.2 19.4 
 4 
 5 
Supplementary Table 10: Model fits for different hierarchical GAM models for C:P, 6 
ordered based on AIC and RMSE. 7 
(df = degrees of freedom, AIC = Akaike Information criterion, DAIC = difference in AIC 8 
from the model with lowest AIC, RMSE = Root mean squared error, RMSEnorm = RMSE 9 
normalized by mean value, R2 (train) = coefficient of determination for training data, R2 10 
(test) = coefficient of determination for validation data).  11 
 12 

Model df AIC DAIC RMSE RMSEnorm R2 (train) R2 (test) 
GI 17 -406 0 0.169 0.034 0.392 0.324 
I 19 -403 3 0.172 0.035 0.391 0.297 
S 19 -403 3 0.170 0.035 0.389 0.313 
GS 16 -404 2 0.169 0.034 0.387 0.324 
G 12 -399 7 0.168 0.034 0.367 0.336 
C 9 -355 51 0.174 0.036 0.308 0.282 

 13 
Supplementary Table 11: As in Table 10 for N:P 14 
 15 

Model df AIC DAIC RMSE RMSEnorm R2 (train) R2 (test) 
GI 20 -420 3 0.167 0.056 0.368 0.282 
I 17 -423 0 0.169 0.057 0.358 0.263 
GS 18 -420 3 0.168 0.056 0.358 0.276 
S 18 -420 3 0.167 0.056 0.358 0.276 
G 11 -385 38 0.169 0.057 0.300 0.261 
C 8 -346 77 0.175 0.059 0.240 0.214 

 16 
 17 
 18 



 12 

Supplementary Table 12: As in Table 10 for C:N 19 
 20 

Model df AIC DAIC RMSE RMSEnorm R2 (train) R2 (test) 
GI 18 -785 0 0.119 0.062 0.145 0.103 
I 15 -783 2 0.119 0.062 0.134 0.093 
GS 13 -784 1 0.119 0.062 0.133 0.100 
S 13 -783 2 0.119 0.062 0.130 0.098 
G 11 -775 11 0.120 0.063 0.107 0.088 
C 8 -772 13 0.120 0.063 0.097 0.084 

 21 
Supplementary Methods 22 
 23 
Additional Information on Hierarchical GAM analysis  24 
As the nutrient limitation information is a categorical variable, we first conducted hierarchical 25 
GAM analysis using the R package mgcv61 to determine whether the shape of the function itself 26 
varies with different nutrient limitations. Based on the initial data exploration, we hypothesized 27 
that the response of CNP with respect to the change in nutricline depth varies with respect to the 28 
nutrient limitation type and compared with the null model that the responses are the same for all 29 
the nutrient limitation types. Following the standard methodology62, we computed root-mean-30 
squared-error and AIC of 6 interactive GAM models (including the control) by comparing model 31 
fit with the observation: 32 

1. Model G = A global smoother (shape) for all observations 33 
2. Model GS = Single common smoother plus group-level smoothers that have the same 34 

wiggliness 35 
3. Model GI = Single common smoother plus group-level smoothers that have the different 36 

wiggliness 37 
4. Model S = Group-specific smoothers (shape) without a global smoother, but all 38 

smoothers have the same wiggliness. 39 
5. Model I = Group-specific smoothers with different wiggliness 40 
6. Model C = Control, no dependence on nutrient limitation types 41 

To compare the performance of each model, we conducted cross-validation (100 random 42 
partitions holding out 20% of observations) and found that model GI performed best over other 43 
models in terms of AIC, root-mean-squared error, and the coefficient of determination 44 
(Supplementary Tables S10-12). Thus, throughout this paper, we decided to use the model GI to 45 
describe the interaction between nutricline and element-specific nutrient limitations.  46 
  47 
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