Supplementary Information for:

Global patterns and drivers of C:N:P in marine ecosystems

Tatsuro Tanioka!, Catherine A. Garcia!®, Alyse A. Larkin', Nathan S. Garcia!, Adam J. Fagan!,
and Adam C. Martiny">"

! Department of Earth System Science, University of California, Irvine, California 92697, USA
2 Department of Ecology and Evolutionary Biology, University of California, Irvine, California

92697, USA
3 Center for Microbial Oceanography: Research and Education (C-MORE), University of Hawaii

at Manoa, Hawaii, USA
* Corresponding author (amartiny@uci.edu)




Supporting Information

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)*® for
further details on metadata variables.

Campaign | Temporal Coverage | Spatial Coverage DOI n
AE1319, 15 August 2013 - 08 Western North Atlantic https://doi.org/10.26008/1912/bco- | 16
NSF September 2013 (N:55.0000 E:-40.0100 dmo.538091.2

S:31.6700 W:-69.2100)
AMT-28, 25 September 2018 - Meridional Atlantic Transect | https://doi.org/10/fmkq 774
PML AMT | 27 October 2018 (N:49.6380 E:-5.5020 S: -
SOCCOM, 48.1990 W:-52.692)
NSF
BVAL46, | 28 September 2011 - | Mid-North Atlantic https://doi.org/10.26008/1912/bco- | 10
NSF, 12 October 2011 (N:39.4528 E:-64.1485 dmo.538091.2
BATS S:19.6666 W: -65.9667)
C13.5%*, 21 March 2020 - 16 Meridional Atlantic Transect | https://doi.org/10.26008/1912/bco- | 110
GO-SHIP | April 2020 (N: 34.5044 E:17.3055 S:- dmo.868908.1

41.4917 W:-73.51)
109N, GO- | 22 March 2016 —24 Eastern Indian Ocean https://doi.org/10.26008/1912/bco- | 238
SHIP April 2016 (N:17.8831 E:110.4547 S:- dmo.734915.3

31.0335 W:84.7526)
NH1418, 20 September 2014 — | Tropical Pacific Ocean https://doi.org/10.26008/1912/bco- | 24
NSF 6 October 2014 (N:19.0010 E:-149.6700 S:- | dmo.829895.1

3.0001 W:-158.0000)
P18, GO- 13 November 2016 — | Meridional Pacific Transect | https://doi.org/10.26008/1912/bco- | 198
SHIP 28 January 2017 (N:28.9071 E:-100.3721 S:- | dmo.816347.1

69.9027 W:-116.0561)




Table 2: Area-weighted global mean C:N:P (Observation)

Mean 1-95% CI | u-95% CI | n
C:P 148.4 146.7 150.1 1295
N:P 21.9 21.7 22.2 1295
C:N 6.76 6.72 6.81 1295

Table 3: Area-weighted global mean C:N:P (Observation, binned by 1-by-1 grid)

Mean 1-95% CI | u-95% CI | n
C:P 147.2 144.7 149.8 460
N:P 21.7 21.4 22.1 460
C:N 6.77 6.7 6.86 460

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 1-95% CI | u-95%CI | n
C:P

Polar 86.1 82.6 63.1 125.3 8
Subpolar 132.6 134.1 65.5 198.0 131
Subtropical | 157.6 156.4 91.4 226.4 711
Tropical 139.4 1354 97.5 187.7 445
N:P

Polar 15.4 14.3 11.7 21.9 8
Subpolar 21.3 21.5 13.7 28.6 131
Subtropical | 22.9 22.7 14.0 314 711
Tropical 21.0 20.3 14.5 30.2 445
C:N

Polar 5.7 5.7 5.2 6.1 8
Subpolar 6.2 6.1 5.0 7.3 131
Subtropical | 6.9 6.9 5.0 8.8 711
Tropical 6.7 6.7 5.1 8.5 445




Table 5: Correlation matrix for (Sub)polar region C:N:P, shown in the main Fig. 2a. Asterisks represent the statistical
significance (***: p <0.001, **: p <0.01, *: p <0.05, NA: Not Applicable).

Absolute SST Nitrate Phosphate FeT Nutricline MLD MLPAR Chl-a % Diatoms % Cyano
Latitude
C:P -0.70 (***) 0.76 (***) -0.56 (***) -0.59 (***) -0.33 (**) NA 0.01 -0.17 0.33 (**%) -0.60 (***) 0.53 (¥*%)
N:P -0.64 (***) 0.66 (***) -0.44 (***) -0.50 (***) -0.25 (%) NA -0.03 -0.12 0.31 (¥*%) -0.48 (***) 0.42 (¥*%)
C:N -0.27 (**) 0.37 (***) -0.39 (***) -0.33 (***) -0.23 (*) NA 0.10 -0.16 0.09 -0.39 (***) 0.38 (**%)
Table 6: Correlation matrix for (Sub)tropical region C:N:P, shown in the main Fig. 2a.
Absolute SST Nitrate Phosphate FeT Nutricline MLD MLPAR Chl-a % Diatoms % Cyano
Latitude
C:P 0.18 (¥*%) 0.01 -0.33 (***) -0.25 (***) -0.09 (*) 0.44 (¥**) -0.19 (***) 0.12 (¥*%) -0.35 (***) -0.21 (***) 0.34 (**%)
N:P 0.20 (**%) -0.14 (***) -0.09 (**) -0.11 (***) -0.11 (*%) 0.26 (**%) -0.03 -0.03 -0.13 (***) 0.02 0.10 (**%)
C:N -0.01 0.24 (¥**) -0.41 (***) -0.24 (***) 0.00 0.33 (¥*%) -0.25 (***) 0.24 (¥**) -0.37 (***) -0.37 (***) 0.40 (***)

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 as shown in the main Fig. 2b. Asterisks
represent the statistical significance (***: p <0.001, **: p <0.01, *: p <0.05).

SST Nitrate Nutricline Nutricline | Total
X Nutlim Explained
Deviance
C:P 0.39 (***) |0.24 0 0 0.63
N:P 0.24 (***) 1 0.26 (***) |0 0 0.50
C:N 0.20 (**) 0.18 (*) 0 0 0.38
Table 8: As in Table 7 but for (Sub)tropical region C:N:P.
SST Nitrate Nutricline Nutricline | Total
X Nutlim Explained
Deviance
C:P 0.13 (***) 10.01 0.12 (**%*) 0.21 (***) |0.47
N:P 0.10 (***) 10.02 (*) 0.07 0.27 (***) |0.46
C:N 0.04 (***) 1 0.06 (***) |0.01 0.10 (***) |0.22




Table 9: Regionally-binned, area-weighted mean C:P and N:P under the SSP3-7.0 and
historic CMIP6 scenarios.

Region C:P C:P N:P N:P
Historical SSP3-7.0 Historical | SSP3-7.0
(2010s) (2090s) (2010s) (2090s)

Polar 70.8 76.8 12.9 13.0

([Latitude| > 65°)

Subpolar 101.9 113.3 17.0 18.4

(45° < |Latitude| < 65°)

Subtropical 149.2 146.6 21.8 21.5

(15° <|Latitude| < 45°)

Tropical 133.4 128.1 19.6 18.2

([Latitude| < 15°)

(Sub)polar 93.5 103.7 16.0 17.0

(|Latitude| > 45°)

(Sub)tropical 143.0 139.3 20.9 20.2

([Latitude| < 45°)

Global 128.0 129.1 19.5 19.3




Additional Information on Hierarchical GAM analysis
As the nutrient limitation information is a categorical variable, we first conducted hierarchical
GAM analysis using the R package mgcv (Wood, 2011)°! to determine whether the shape of the
function itself varies with different nutrient limitations. Based on the initial data exploration, we
hypothesized that the response of CNP with respect to the change in nutricline depth varies with
respect to the nutrient limitation type and compared with the null model that the responses are
the same for all the nutrient limitation types. Following the methodology by Pedersen et al.
(2019)%2, we computed root-mean-squared-error (RMSE) and Akaike Information Criterion
(AIC) of 6 interactive GAM models (including the control) by comparing model fit with the
observation:
1. Model G = A global smoother (shape) for all observations
2. Model GS = Single common smoother plus group-level smoothers that have the same
wiggliness
3. Model GI = Single common smoother plus group-level smoothers that have the different
wiggliness
4. Model S = Group-specific smoothers (shape) without a global smoother, but all
smoothers have the same wiggliness.
5. Model I = Group-specific smoothers with different wiggliness
6. Model C = Control (no group-level smoothers), no nutrient limitation effect
To compare the performance of each model, we conducted -fold cross-validation (100 random
partitions holding out 20% of observations) and found that model GS performed best over other
models in terms of the RMSE for C:P, N:P, and C:N (Supplementary Figures 1-3) and for AIC
(not shown). Thus, we decided to use the model GS to describe the interaction between nutricline
and element-specific nutrient limitation throughout this paper. See Extended Data Fig. 3-5 for
GAMs with Model GS describing the interaction between nutricline depth and nutrient limitation

types.
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Supplementary Figure 1: Comparison of different hierarchical GAM models describing interaction nutricline
and nutrient limitation types for C:P. rmse = Root-Mean-Squared-Error for the fit against observation. Model GS
(our model of choice) is highlighted in red.



N:P cross validation
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Supplementary Figure 2: Same as Supplementary Figure 1 but for N:P.
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Supplementary Figure 3: Same as Supplementary Figure 1 but for C:N.
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