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1. Global N2 fixation dataset (Figure 1) is updated, 
representing ~80% increase in the size of observations 
compared to Luo et al (2012) dataset. 

3. Random forest (RF) and support vector regression 
(SVR) are applied to simulate N2 fixation using compiled 
environmental factors. Models were trained with randomly
selected training dataset (70% of total) and evaluated 
using the test dataset (30% of total), shown in Figure 3.

Figure 4. Global distribution of N2 fixation rates estimated by different models. Daily N2 fixation rates 
are calculated by summing monthly N2 fixation rates and dividing by the number of days in a year. 
Observed N2 fixation is overlaid on the prediction by random forest (a). 

4. Other model outputs (Figure 4)
CMIP5: CanESM, CNRM, GFDL, IPSL, MPI, CESM-BGC
Literature: Riche and Christian (2018); Jickells et al (2017); 
Paulsen et al (2017); Landolfi et al (2015); Luo et al (2014)
(4, 8-11). All the model outputs are re-gridded into 2°×2°
resolution.

• We combined data collected by various methods (AR, 
bubble and dissolved 15N2 addition). Some of these 
methods may be biased. 

• Mismatch of N2 fixation rates with predictors in space 
and time: e.g. climatologies were used if 
contemporaneous predictors were not available.
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Figure 6. Projections of (a) N2 fixation rates, (b) export production 
and (c) contribution of N2 fixation to export production under RCP8.5. 

Figure 1. Maps (a-d) and frequency distributions (e-g) of field observations of N2 fixation 
rates (unit: µmol N m-2 d-1) as a function of measurement methods, months and regions. 
AR: acetylene reduction; NA: North Atlantic; SA: South Atlantic; NP: North Pacific; SP: 
South Pacific; Indian: Indian Ocean; Med: Mediterranean Sea; Arctic: Arctic Ocean.   

Figure 3. Comparison of observed and predicted N2 fixation rates for test dataset using (a) random forest 
and (b) support vector regression. Points are color coded for density of observations (12).

Figure 5. (a) Mean distribution of N2 fixation rates calculated based on 13 algorithms shown in Figure 4. 
(b) Coefficient of variation in N2 fixation rates predicted by 13 different algorithms. (c) Taylor diagram  of 
N2 fixation simulated by different models with the alphabetical order shown in Figure 4, with RF (a) 
as the reference model. 

2. Depth-integrated N2 fixation rates are matched with 
various environmental factors spatiotemporally (Figure 2).
Daily: solar radiation; wind speed (NCEP/NCAR)
8-day: sea surface temperature, photosynthetically available 
radiation; chlorophyll_a concentration (NASA Ocean Color)
Monthly climatology: sea surface salinity; nutrients; 
oxygen concentration (WOA); mixed layer depth (7)
Data are binned into 2°×2° resolution after matching.

Figure 2. N2 fixation rates vs environmental predictors. Points are color coded for density of observations (12).

No single predictor is strongly correlated with N2 fixation rates at global scale.

Machine learning methods can predict observed N2 fixation fairly well. 
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Large discrepancies exist among various models in terms of the predicted 
distribution and magnitude of marine N2 fixation.  

Model ensemble mean shows high N2 fixation rates in the tropical oceans 
and largest uncertainty in the high latitudes.

Projections of future changes in N2 fixation rates vary in  
the direction, let alone magnitude. This is in contrast to 
export production, projected to decrease by all models.

We thank CMIP5, Olivier GJ Riche, James R Christian, Angela Landolfi, 
Hanna Paulsen for providing their model outputs. N. C. was supported by 
an NSF-CAREER grant (3331939) and supported by the "Laboratoire
d'Excellence" LabexMER (ANR-10-LABX-19).
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Results

Conclusions
• Weak correlation between N2 fixation rates and single 

environmental factor suggests N2 fixation may be 
controlled by a complex interplay of multiple factors. 

• Modeled N2 fixation fluxes by RF and SVR at 59 and 
82 Tg N yr-1 respectively from 50°S to 50°N are in 
line with previous estimates but in the lower end of 
other models.

• Large uncertainties in model predictions argue for 
increased and more coordinated efforts to explore 
oceanic N2 fixation using geochemical tracers, 
modeling, and observations over broad oceanic 
regions. 
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• Marine nitrogen (N2) fixation is an important  
biogeochemical process, which supplies “new” nitrogen to 
the global oceans, supporting oceanic uptake and 
sequestration of carbon (1-2). Despite the central role of N2
fixation, its controlling factors remain elusive and estimates 
of its magnitude vary substantially (3).

• Luo et al (2014) applied multiple linear regression to derive 
global N2 fixation flux based on the global N2 fixation 
database compiled by Luo et al (2012) (4-5). We revisit the 
estimates of Luo et al (2014) in light of the recent increase 
in N2 fixation in broad regions of the world's oceans.

• Machine learning techniques have increasingly been applied 
to marine sciences, e.g. simulating global net community 
production (6). 

• Aim: To identify strong predictors of N2 fixation, to 
predict N2 fixation distribution using machine learning 
methods and finally to compare our estimates to the ones 
derived by other models
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