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Abstract 

In order to fully understand current and future climate impacts from rising carbon emissions, it is 

crucial to accurately quantify the air-sea CO2 flux and the ocean carbon sink in space and time. 

Air-sea flux estimates from observation-based data products used in the Global Carbon Budget 

show a large spread, and suggest a stronger carbon sink than global ocean biogeochemistry models 

(GOBMs) in the last decade. Output from GOBMs and Earth system models (ESMs) can be used 

as ‘testbeds’ to better understand current estimates of ocean carbon uptake in time and space 

through sub-sampling experiments. Recent testbed studies show improvement in reconstruction 

skill with increasing observational coverage, but the direction (over- vs. underestimation) and 

magnitude of bias for ocean carbon uptake vary significantly. Here, we use a collection of CMIP6 

ESMs as a testbed to better understand the causes of the spread of sink estimates in observation-

based products. Specifically, we assess how the choice of hyperparameters for the machine 

learning algorithm and the testbed structure impact reconstruction skill of surface ocean pCO2 

(spCO2) using the pCO2-Residual method. We find that, when negative mean squared error 

(nMSE) is used as error metric during hyperparameter optimization, the reconstruction 

significantly underestimates spCO2 over 2017-2022, irrespective of which CMIP6 ESM is used as 

a testbed; this results in an overestimation of the global ocean sink, assessed through comparison 

to the ‘testbed truth’. If hyperparameters are selected based on bias as the error metric, this trend 

of increasingly negative bias is eliminated. When applied to real-world SOCAT data, this leads to 
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a significantly weaker global ocean carbon sink in 2021-2022 (up to ~ 0.5 Pg C/yr), and less 

divergence from GOBM estimates. This suggests that the increasingly stronger sink showed by 

the pCO2-Residual method in recent years might not represent a real trend, but may be due to 

algorithmic design choices in the context of sparse and biased observational coverage. 

1 Introduction  

Observation-based data products estimate full-coverage surface ocean pCO2 (spCO2) across space 

and time by extrapolating from sparse spCO2 observations (e.g., Landschützer et al., 2014; 

Rödenbeck et al., 2015; Gloege et al., 2022; Bennington et al., 2022a,b) using machine learning 

(ML) and other statistical approaches. These data products utilize the Surface Ocean CO2 ATlas 

(SOCAT; Bakker et al., 2016), the largest global database of surface ocean fCO2 (fugacity of CO2) 

observations, from which spCO2 can be derived. Since 1957, more than 33 million high-quality 

(uncertainty of < 5 μatm) measurements of fCO2 have been collected, mostly from research vessels 

and cargo ships, but in recent years, observations from uncrewed surface vehicles have also been 

included (Sutton et al., 2021; Bakker et al., 2023). Due to a combination of factors, such as limited 

resources for ocean observing, and the immense size of the global ocean including inaccessible 

and unsafe regions for research vessels, the SOCAT database represents only about 2 % of the 

global ocean at monthly 1°x1° spatial resolution over the period of 1982-2022. In addition, the 

observations are highly biased towards certain regions, especially the northern hemisphere. For 

example, the Southern Ocean, which is responsible for ~ 40% of the global ocean uptake of 

anthropogenic CO2 (Khatiwala et al., 2009), has significant data gaps, particularly in winter 

months. 

All observation-based products rely on the SOCAT database to estimate full coverage 

spCO2, and there is strong agreement that data sparsity represents a fundamental limitation in the 

robustness of the results, contributing to significant uncertainties in air-sea CO2 flux and ocean 

sink estimates (e.g., Bushinsky et al., 2019; Gregor et al., 2019; Gloege et al., 2021; Mackay et al., 

2022; Hauck et al., 2023; Landschützer et al., 2023; Dong et al., 2024a,b; Heimdal et al., 2024; 

Jersild & Landschützer, 2024; Zhong et al., 2024). Especially, the observation-based products have 

limited ability to reconstruct spCO2 in certain regions, such as the Southern Ocean, and for 

interannual to decadal variability (Gloege et al., 2021; Hauck et al., 2023). Air-sea flux estimates 

from observation-based products, including those used in the Global Carbon Budget (GCB), show 
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an increasing divergence over time from those of global ocean biogeochemistry models (GOBMs) 

over the last decade (Friedlingstein et al., 2023); observation-based products estimate an 

increasingly stronger global ocean sink compared to the GOBMs. An important question remains; 

does the increase in the carbon uptake reflect real changes in the ocean, or is this a consequence 

of the observation-based products’ inability to accurately reconstruct spCO2? And further, how 

much of the data products’ error is due to sparse SOCAT coverage? 

Although there is consensus that sparse and biased SOCAT coverage leads to significant 

uncertainties in the air-sea CO2 flux estimates from observation-based products, current studies 

disagree on whether this leads to an over- or underestimation of the carbon sink. Studies comparing 

Southern Ocean air-sea CO2 fluxes derived from observation-based products to aircraft 

observations (Long et al., 2021) and directly measured fluxes (Dong et al., 2024b) suggest that the 

products underestimate the ocean sink. This is in agreement with Mackay et al. (2022), arguing 

that increased winter observational coverage would lead to estimates of stronger Southern Ocean 

carbon uptake. In contrast, by comparing different algorithm training strategies, Zhong et al. 

(2024) found that increased winter observations would lead to estimates of a weaker Southern 

Ocean sink. In agreement with Zhong et al. (2024), Bushinsky et al. (2019) and Behncke et al. 

(2024) showed that additional observations from floats or sailboats weakens Southern Ocean sink 

estimates. It is, however, important to note that float-derived spCO2 estimates may be positively 

biased by at least 4 μatm (Williams et al., 2017; Gray et al., 2018); data from floats or sailboats 

with this magnitude of bias can significantly degrade spCO2 reconstructions (Behncke et al., 2024; 

Heimdal & McKinley, 2024).   

Recent studies have used output from GOBMs or Earth System Models (ESMs) as 

‘testbeds’ to assess the fidelity of ML reconstructions, by sub-sampling GOBM/ESM output 

assuming current SOCAT coverage, but also including additional coverage from floats, buoys, 

sailboats or uncrewed surface vehicles (Bushinsky et al., 2019; Stamell et al., 2020; Denvil-

Sommer et al., 2021; Gloege et al., 2021; Djeutchouang et al., 2022; Hauck et al., 2023; Heimdal 

et al., 2024; Heimdal & McKinley, 2024). In a testbed, the full model field is the correct solution 

(‘testbed truth’) against which the reconstruction’s fidelity can be evaluated. These sub-sampling 

studies conclude that additional observations, especially in the Southern Ocean, improve the 

spCO2 reconstructions, as shown by a reduction in reconstruction bias against the ‘testbed truth’. 
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However, as in the aforementioned studies with real-world observations-based products 

(Bushinsky et al., 2019; Long et al., 2021; Mackay et al., 2022; Behncke et al., 2024; Dong et al., 

2024b; Zhong et al., 2024), the testbed studies do not agree as to the sign and magnitude of 

reconstruction biases, and consequently, the implications for the real-world ocean sink estimated 

with observation-based products remain unclear. Previous testbed studies have used different 

reconstruction methods, sampling masks, testbed models (including both GOBMs and ESMs) and 

air-sea flux calculations. While there is no doubt that sparse sampling is a fundamental challenge, 

it remains unclear what can be concluded about the sign and magnitude of reconstruction biases, 

and the resulting implications for the global carbon budget.    

In this study, we quantify how the choice of testbed structure and algorithm 

hyperparameters impacts the long-term variability of annual bias in reconstructed spCO2 and air-

sea CO2 flux. This is done by sub-sampling from a testbed spanning a large number of ESM 

structures and internal variabilities, but keeping the reconstruction method and sampling mask 

(SOCATv2023; Bakker et al., 2023) constant. We use a testbed that includes a total of 45 ensemble 

members from 9 different CMIP6 ESMs, and reconstruct spCO2 over 1982-2022 using the pCO2-

Residual method (Bennington et al., 2022a). Further, we explore different error metrics as a basis 

for hyperparameter selection during algorithm optimization. As pointed out by Zhong et al. (2024), 

a promising path forward, in addition to increasing the observational coverage, would be 

investigating whether algorithm improvement could reduce bias and errors in pCO2 

reconstructions. Negative mean squared error (nMSE) is traditionally used as the basis for 

hyperparameter selection, but here we also test the impact of using bias as the error metric that is 

minimized when choosing hyperparameters. Previous sub-sampling experiments have shown that 

biases in spCO2 reconstructions significantly impact the long-term trend and variability of the 

estimated air-sea flux and ocean carbon uptake (Hauck et al., 2023; Heimdal et al., 2024; Heimdal 

& McKinley, 2024). We explore whether targeting bias during hyperparameter selection could 

thus potentially reduce reconstruction biases over time and reduce temporal variability in the 

fidelity of the spCO2 reconstruction.   

By using a testbed, we do not aim to predict real-world spCO2 or air-sea CO2 fluxes. 

Instead, we assess the accuracy with which the pCO2-Residual method (Bennington et al., 2022a) 

can reconstruct the spCO2 ‘testbed truth’, given inputs of samples consistent with real-world 
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SOCAT coverage. The utility of a testbed comes from the fact that the spCO2 field is known 

precisely at all times and 1°x1° points. When using real-world SOCAT data, the quality of the 

reconstruction is estimated using only on a subset of the data (the test set; typically 20% of 

available data), which significantly underrepresent many regions, such as the Southern Ocean. On 

the other hand, when using a testbed, the spCO2 reconstructed by the ML algorithm can be robustly 

evaluated in space and time against the ‘testbed truth’ using all 1°x1° points of the full testbed 

spCO2 field.  

There are additional sources of uncertainties in the ocean carbon sink estimates that are not 

considered here, such as measurement uncertainty, parameterization of gas exchange transfer 

velocity (k) and wind products in air-sea CO2 flux calculations, the riverine correction, the cool 

skin effect, temperature gradients, or the influence of sea ice (e.g., Roobaert et al., 2018; Watson 

et al., 2020; Fay et al., 2021; Jersild & Landschützer, 2024; Dong et al., 2024b; Nickford et al., 

2024). The goal here is to improve our understanding of algorithmic reconstruction skill of the 

pCO2-Residual method with current SOCAT coverage; and further, to better understand how 

hyperparameter tuning impacts reconstruction biases over time.  

 

2 Methods 

2.1 The CMIP6 testbed 

The CMIP6 testbed presented here is an update from the CMIP5 testbed used in previous sub-

sampling studies (Stammel et al., 2020; Gloege et al., 2021; Bennington et al., 2022a; Heimdal et 

al., 2024; Heimdal & McKinley, 2024). It includes the latest generation of ESMs from the Coupled 

Model Intercomparison Project (CMIP) (CMIP6; Eyring et al., 2016). With this new testbed 

compared to the previous CMIP5-based one, we have a greater variety of ESMs (9 vs. 4), thus 

spanning more ESM structures, which has previously been shown to have an impact on whether 

the reconstruction over- or underestimates spCO2 (Stammel et al., 2020; Heimdal et al., 2024; 

Heimdal & McKinley, 2024). This testbed includes a total of 45 members from nine independent 

CMIP6 ESMs (Table 1), selected because they provide output for both surface ocean partial 

pressure of CO2 (spCO2) and the driver variables needed for the pCO2-Residual method. Due to 

varying availability of spCO2 output for each ESM, the number of members per ESM in our testbed 
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varies (between 1 to 18 ensembles; see Table 1). The 45-member testbed includes ESM output 

from 1982 to 2022, but the testbed can be extended beyond 2022 for future studies, as well as 

expanded in size, subject to the availability of the needed ESM output.  

Each ensemble member has undergone the same forcing; solar, volcanic and historical 

atmospheric CO2 through 2015, followed by Representative Concentration Pathway 4.5 (RCP4.5) 

through 2022. The historical and RCP4.5 atmospheric CO2 (xCO2) is used as a driver variable for 

the ML algorithm (Table 2). Different members of the same ESM represent the internal variability 

of each ESM, i.e., differences in possible ocean-atmosphere states. This has been done by 

perturbing the initial state of the Earth system at the start of each simulation.  

For each ensemble member, spCO2 and associated driver variables (e.g., SST, SSS, Chl-a; 

Table 2) are sampled monthly at a 1°x1° resolution, at times and locations equivalent to real-world 

SOCAT coverage (SOCATv2023; Bakker et al., 2023). We also calculate interannual anomalies 

for SST, SSS and Chl-a. This was done by calculating a monthly climatology (e.g., average of all 

Januarys), and subtracting this from the appropriate month. In addition, time of year and 

geographic location are calculated using an N-vector transformation of latitude and longitude, and 

a time transformation of day of year, which replaces these coordinates/dates to continuous values 

between 0 and 1. Following Heimdal et al. (2024), testbed output for coastal areas, the Arctic 

Ocean (>79°N) and marginal seas (Hudson Bay, Caspian Sea, Black Sea, Mediterranean Sea, 

Baltic Sea, Java Sea, Red Sea and Sea of Okhotsk) were removed prior to algorithm processing.  

Table 1: Earth System Models (ESMs) and number of members in the CMIP6 testbed. 
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Table 2: Target and driver variables, and processing steps.   

 

 

2.2 The pCO2-Residual method  

The pCO2-Residual method (Bennington et al., 2022a) was used to reconstruct spCO2 in space and 

time. A brief description is provided below, but for further details see Bennington et al. (2022a). 

Prior to algorithm processing, the direct effect of temperature on spCO2 is removed. This 

temperature-driven component (spCO2-T) is calculated using the equation of Takahashi et al. 

(2002): 

spCO2-T = spCO2mean * exp[0.0423 * (SST-SSTmean)] 

where spCO2mean and SSTmean are the long-term means of spCO2 and temperature, respectively, 

using all 1°x1° grid cells from the testbed. The spCO2-Residual is calculated by subtracting spCO2-

T from spCO2. Following Heimdal et al. (2024), spCO2-Residual values ranging between > 250 

μatm and < -250 μatm were removed as they are unlikely to represent physical conditions in the 

real ocean. The excluded data points represent less than 0.1 % per ESM, and mostly occur in output 

from GFDL and CMCC.  

The eXtreme Gradient Boosting method (XGB; Chen & Guestrin, 2016) is then used to 

develop a model that predicts the target variable (spCO2-Residual) from the driver variables (Table 

2). The driver variables are proxies for processes influencing spCO2. Full-coverage driver variable 

datasets are processed through the algorithm to produce global full-coverage spCO2-Residuals. 

For the final reconstruction of spCO2 across all space and time points, the previously calculated 

Variable Description/processing
Target spCO2-Residual spCO2 - spCO2-T See Section 2.2
Drivers SST Sea surface temperature Monthly SST

SSS Sea surface salinity Monthly SSS
MLD Mixed Layer Depth Log of MLD
Chl-a Chlorophyll-a Log of Chl-a
Chl-a anomaly Interannual anomaly Monthly Chl-a - monthly climatology
SST anomaly Interannual anomaly Monthly SST - monthly climatology
SSS anomaly Interannual anomaly Monthly SSS - monthly climatology
xCO2 Atmospheric pCO2 Historical values through 2015, RCP 4.5 through 2022
A Geographic location sin(λ)
B Geographic location sin(μ) cos(λ)
C Geographic location (-cos(μ) cos(λ))
T0 Time of year cos(day of year*2π/365)
T1 Time of year sin(day of year*2π/365)



 8 

spCO2-T values are added back to the reconstructed spCO2-Residual values. The full XGB process 

is repeated individually for each of the 45 CMIP6 testbed members, providing a total of 45 

reconstructions.  

2.3 Reconstruction error metrics 

To build the predictive ML model, the spCO2-Residual and associated driver variables are split 

into training, validation, and testing sets. The test and validation set each account for 20% of the 

data, leaving 60% for training. The training set is used to learn the relationship between the driver 

variables and target, or more concretely, to construct the decision trees that are the building blocks 

of XGB. The validation set is used to optimize the algorithm hyperparameters, which define the 

architecture of decision trees used in the model, as well as the procedure used in creating ensembles 

of trees. Finally, the test set is used to evaluate the performance of the reconstruction on unseen 

data, by statistically comparing the reconstruction and the ESMs spCO2 fields (‘testbed truth’). 

When using real-world data, it is only possible to statistically compare the reconstruction to the 

test set. Since we are using a testbed, here, we calculate reconstruction error statistics for the ‘full’ 

CMIP6 testbed ESM fields (i.e., all 1°x1° grid cells, not only those representing the test set, but 

excluding those used for training).  

Here, we focus on bias and root-mean-squared error (RMSE) as reconstruction error 

metrics. Reconstruction bias, which is a measure of whether the reconstruction overestimates 

(positive bias) or underestimates (negative bias) spCO2, is calculated as: 

𝑏𝑖𝑎𝑠 = 	 𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝚤𝑜𝑛//////////////////// − 𝑡𝑒𝑠𝑡𝑏𝑒𝑑	𝑡𝑟𝑢𝑡ℎ//////////////////  

RMSE is calculated as: 

RMSE = !(𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝚤𝑜𝑛 − 𝑡𝑒𝑠𝑡𝑏𝑒𝑑	𝑡𝑟𝑢𝑡ℎ)222222222222222222222222222222222222222222222! 

where, unless otherwise specified, the overbar indicates a mean across all 1°x1° grid cells globally 

and all months over the period of 1982-2022 or 2017-2022. Global mean reconstruction bias and 

RMSE is first calculated for each individual member of the testbed. For ESMs with more than one 

member (Table 1), an ‘ESM mean’ was calculated, which represents an average of bias or RMSE 

for all individual members of their respective ESM. The ‘testbed mean’ represents a mean of the 

nine ESM means.  
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2.4 Identifying hyperparameters 

The validation set (Sect. 2.3) is used to optimize the algorithm hyperparameters. We perform a 

grid search consisting of 64 possible combinations of hyperparameters, including four different 

learning rates, depth levels, and numbers of decision trees (Table 3). These parameters span a wide 

range of possible model behavior and represent, respectively, the amplitude of the contribution of 

each additional tree to the final model, the complexity of the decision trees used as base estimators, 

and the total number of decision trees (equivalently, the number of boosting iterations) in the final 

model. The grid search is performed on one member per ESM, and each combination of 

hyperparameters is applied three times (k-fold cross-validation). After performing a grid search on 

one member per ESM (nine in total), the combination of hyperparameters that led to the lowest 

error metric value (i.e., the “best” ML model) is chosen and then applied to the remaining members 

for that respective ESM. We test the impact of choosing either negative mean squared error 

(nMSE) (nMSE_run) or bias (Bias_run) as the error metric of the grid search. This leads to a total 

of 18 grid searches (nine nMSE_runs and nine Bias_runs), with 64 hyperparameter combinations 

in each. It is important to note the difference between ‘hyperparameter error metrics’ (here, bias 

and nMSE) and ‘reconstruction error metrics’ (here, bias and RMSE; Sect. 2.3). The 

‘reconstruction error metrics’ evaluate the performance of the final full reconstruction to the 

‘testbed truth’ (see Sect. 2.3). The ‘hyperparameter error metrics’ evaluate the impact of the 

hyperparameters used in the ML model.  

Table 3: Hyperparameters used in the grid search during algorithm optimization; a total of 
64 possible combinations.  
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2.5 Air-sea CO2 flux 

In order to assess the implications of algorithm optimization on the quantification of real-world 

air-sea CO2 fluxes and ocean carbon uptake, we use the pCO2-Residual method to reconstruct fCO2 

using real-world SOCAT observations (SOCATv2023; Bakker et al., 2023). We use the pCO2-

Residual method as presented in Bennington et al. (2022a), but apply a combination of optimized 

hyperparameters found in this study (i.e., maximum depth level: 6; learning rate: 0.3; decision 

trees: 4,000; see Sect. 4.2). We compare this reconstruction to the original pCO2-Residual 

reconstruction method from Bennington et al. (2022a), where nMSE was used as the 

hyperparameter error metric during algorithm optimization (maximum depth level: 9; learning 

rate: 0.3; decision trees: 1,000; Bennington et al., 2022a). Air-sea CO2 fluxes are calculated using 

the bulk formulation with python package Seaflux.1.3.1 (https://github.com/lukegre/SeaFlux; 

Gregor et al. 2021; Fay et al., 2021):  

Flux=kw·sol·(fCO2ocn−fCO2atm)·(1−ice) 

where ‘kw’ is the gas transfer velocity, ‘sol’ is the solubility of CO2 in seawater (in units of mol 

m−3 μatm−1), ‘fCO2ocn’ is the fugacity of surface ocean carbon (in μatm), and fCO2atm (in μatm) is 

the fugacity of atmospheric CO2 in the marine boundary layer. To account for the seasonal ice 

cover in high latitudes, the fluxes were weighted by 1 minus the ice fraction (‘ice’), i.e., the open 

ocean fraction. Inputs to the calculation include EN4.2.2 salinity (Good et al., 2013), SST and ice 

fraction from NOAA Optimum Interpolation Sea Surface Temperature V2 (OISSTv2) (Reynolds 

et al., 2002), and three surface winds and associated wind scaling factors from the European Centre 

for Medium-Range Weather Forecasts (ECMWF ERA5; Hersbach et al., 2020), Cross-Calibrated 

Multi-Platform v2 (CCMP2; Atlas et al., 2011) and Japanese 55-year Reanalysis (JRA-55; 

Kobayashi et al., 2015).  

We compare the air-sea CO2 fluxes calculated from the two pCO2-Residual reconstructions 

(using original and optimized hyperparameters) to those from GOBMs and observation-based 

products presented in the 2023 GCB (Friendlingstein et al., 2023). All observation-based product 

fluxes were adjusted assuming a riverine carbon flux of 0.65 Gt C/yr following Friedlingstein et 

al. (2023) in order to compare with GOBM fluxes.    
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3 Results 

3.1 Algorithm hyperparameters 

The combination of hyperparameters that led to the lowest mean 1982-2022 nMSE value were 

identical for seven out of nine nMSE_runs, with 4,000 decision trees, a maximum depth of 10, and 

a learning rate of 0.05 (Table 4). For CanESM5 and CanESM5-CanOE, however, a maximum 

depth of 7, and a learning rate of 0.1 was chosen instead. For the nine Bias_runs, very different 

combinations of hyperparameters were chosen for each ESM sub-sampled (Table 4). None of the 

Bias_runs show the same set of hyperparameters, which vary between 6, 7 or 10 maximum depth 

levels, a learning rate of 0.1, 0.3 or 0.4, and 500, 1,000, 2,000 or 4,000 decision trees. For 

CanESM5, both the nMSE_run and Bias_run chose the same hyperparameters.  

In general, it is expected that different combinations of parameters may result in similar 

performances; for example, in XGBoost, a higher number of boosting rounds can be compensated 

by a smaller learning rate (e.g., Acquaviva, 2023). To estimate the impact of hyperparameter 

selection on the optimization process, we compare the disparity in scores for the various ML 

models to the typical variation in the test scores arising from sample variance (the effect of 

choosing different partitions of the data for training, validation, and test) through the standard 

deviation of the three scores in the k-fold cross-validation process. For the nMSE_Run, for each 

ESM sub-sampled, only one or two combinations of hyperparameters (out of 64 possible) led to a 

mean 1982-2022 nMSE value within the mean standard deviation of the 64 nMSE scores. The top 

performing models all had 4,000 decision trees, with a maximum depth of 7 or 10 and a learning 

rate of 0.05 or 0.1. This indicates that a large number of iterations is crucial to high model skill. In 

contrast, for the Bias_run, the impact of specific hyperparameter choices is less clear. The number 

of combinations that led to a mean 1982-2022 bias value within the mean standard deviation of 

the 64 bias scores is much larger, and varies significantly between the different ESM sub-sampled, 

from 10 to 62 out of the 64 possible combinations. It is important to note that, over a large time 

period such as 1982-2022, large positive and negative biases may be averaging, leading to mean 

bias values near zero. Thus, while the mean biases shown for the different combinations may be 

similar, the different combinations of hyperparameters result in different reconstruction results 

over time (Fig. 1). 
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Table 4: Hyperparameters chosen for the different Earth System Models (ESMs) in the 
CMIP6 testbed, when negative mean squared error (nMSE_run) and bias (Bias_run) were 
the basis of error metrics for hyperparameter selection during algorithm optimization. 

 
 

 

3.2 Reconstruction error metrics 

3.2.1 Reconstruction bias 

All runs overestimate spCO2 in the 1980s (> 2 μatm), before reconstruction bias steadily decrease 

towards zero until the early 1990s, and then straddle generally between ± 1 μatm (Fig. 1). For the 

nMSE_runs (pink lines; Fig. 1), a trend of increasingly negative bias values (spCO2 is 

underestimated) occurs towards the end of the testbed period, generally from around 2017 and 

onwards. Most ensemble members and the mean for each ESM have a growing negative bias for 

all ESMs. For the period of 2017-2022, ESM mean reconstruction biases for the nMSE_runs range 

from -1.5 μatm to -0.01 μatm (Table 5).  

When pCO2-Residual hyperparameters are set with bias as the grid search criteria 

(Bias_runs), the reconstruction is less likely to underestimate spCO2 in 2017-2022, or to 

overestimate in the 1980s (blue lines; Fig. 1). For most of the ESMs, the Bias_runs show near-

zero or positive mean reconstruction biases over 2017-2022 (between 0.08 μatm and 0.4 μatm; 

Table 5). For four ESMs however (i.e., CMCC, CanESM5, MPI and UKESM1), negative 

reconstruction biases after 2017 are found (between -1.3 μatm and -0.3 μatm; Table 5). Averaging 

over all 45 members of the testbed, the 2017-2022 global ‘testbed mean’ reconstruction bias for 

the Bias_run is -0.2 μatm, notably smaller than for the nMSE_run (-0.6 μatm; Table 5). 
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3.2.2 Reconstruction Root-mean squared error (RMSE) 

For all runs, reconstruction RMSE is highest in the first and last years of the analysis period (Fig. 

2), indicating reduced reconstruction skill for generalization in the earliest and latest years of the 

reconstruction. The nMSE_runs sub-sampling CMCC, CanESM5-CanOE and MPI show 

consistently lower RMSEs over the whole testbed period compared to the Bias_runs. For the 

remaining ESMs, both sets have similar RMSEs over 1982-2022 (Fig. 2). For 2017-2022, the mean 

across each ESM ranges from 8.8 μatm to 12.9 μatm for the nMSE_runs, and 8.4 μatm to 13.6 

μatm for the Bias_runs (Table 5). Only the reconstruction using one member of CMCC shows a 

significant increase (1.7 μatm; Table 5) in the 2017-2022 RMSE when bias is used to define the 

hyperparameters. Averaging over all 45 members of the testbed, the 2017-2022 global ‘testbed 

mean’ reconstruction RMSE for the nMSE_run (10.2 μatm) and Bias_run (10.5 μatm) are very 

similar (Table 5).  
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Figure 1: Annual global mean reconstruction bias for the 45 reconstructions of the testbed, 
grouped by ESM (Table 1). nMSE_run (pink) = hyperparameters were chosen based on 
negative mean squared error (nMSE) as error metric. Bias_run (blue) = hyperparameters 
were chosen based on bias as the error metric. CanESM5 has the same optimal 
hyperparameters in both cases, so the reconstructions are identical (Table 4). Bold dashed 
lines for each color suite are ESM means. 
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Figure 2: Annual global mean reconstruction root-mean squared error (RMSE) for the 45 
reconstructions of the testbed. nMSE_run (pink) = hyperparameters were chosen based on 
negative mean squared error (nMSE) as error metric. Bias_run (blue) = hyperparameters 
were chosen based on bias as the error metric. CanESM5 has the same optimal 
hyperparameters in both cases, so the reconstructions are identical (Table 4). Bold dashed 
lines for each color suite are ESM means. 
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Table 5: Global 2017-2022 mean reconstruction bias and RMSE for individual ESMs and 
the ‘testbed mean’ (45 members) for the nMSE_run and Bias_run. 

 

 

4 Discussion 

4.1 The negative trend in reconstruction bias over 2017-2022 

When using nMSE as error metric during algorithm optimization, we show that the resulting 

reconstruction significantly overestimates spCO2 is in the 1980s, and underestimates spCO2 for 

2017 through 2022 (Fig. 1). This pattern cannot be attributed to the ESM field used as the testbed, 

as all members show the same trends, though with variable magnitude (Fig. 1; Table 5). These 

biases are accompanied by high reconstruction RMSEs indicating reduced reconstruction skill for 

generalization in the earliest and latest years of the reconstruction (Fig. 2). Reconstruction biases 

directly impact the estimated air-sea CO2 flux. The CO2 flux between the ocean and atmosphere 

can be described as: ∆pCO2 = pCO2ocean – pCO2atm. Low pCO2ocean leads to a negative ∆pCO2 

(pCO2ocean – pCO2atm), which indicates carbon uptake as opposed to outgassing. The 2017-2022 

negative reconstruction bias shown by our nMSE_Run means that pCO2ocean is underestimated 

compared to the ‘testbed truth’. Since the reconstructed pCO2ocean is lower than the ‘testbed truth’, 

this means that our reconstruction overestimates the carbon uptake.  

The trend of negative reconstruction bias over 2017-2022 shown by our experiments 

matches the pattern of an increasingly stronger global ocean sink and deviation from the GOBMs 

in the last decade, as estimated by both the pCO2-Residual method (Bennington et al., 2022a) and 
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the GCB observation-based products (Friedlingstein et al., 2023). The trend of high reconstruction 

bias and errors at the beginning and end of the testbed period also matches the distribution of 

SOCAT observations; they are notably scarce from 1982 until the mid-1990s, before a steady 

increase occurs with a peak in 2017, followed by a decrease in 2017-2022 (Fig. S1). Is the trend 

of increasingly negative 2017-2022 reconstruction bias, and increase in the ocean carbon sink, a 

result of declining SOCAT coverage since 2017? To test this, we randomly shuffled the years of 

SOCAT observations five times and reconstructed spCO2 using the same hyperparameters as the 

nMSE_run (see Sect. S1 in Supplement for details). For all five shuffled runs, the reconstructions 

significantly improve in the 1980s, but the negative reconstruction bias towards the end of the 

testbed period remains, albeit with different magnitudes (Fig. 3). We find no correlation between 

the magnitude of reconstruction bias and number of SOCAT observations in a particular year (Fig. 

S2). This suggests that the recent decline in SOCAT coverage alone is not responsible for the trend 

of increasingly negative reconstruction biases after 2017. 

The long-term positive trend in spCO2 since the 1980s has the potential to impact the ability 

of algorithms to represent the data (Gloege et al., 2021). A foundational assumption of ML is that 

data are normally distributed and that the data to be reconstructed are distributed to the training 

set. Thus, with spCO2 as the target variable, which increases with time, the algorithm must predict 

a right-skewed data distribution. The mean spCO2 of the full ‘testbed truth’ (all 1°x1° grid cells) 

is 356 μatm, occurring in the year 2002. This means that the mean spCO2 is far away from the 

“extremes” in each end, with comparably low spCO2 in the 1980s and high spCO2 in the 2020s. 

This effect likely contributes to reconstruction overestimation of spCO2 in the 1980s and 

underestimation in the 2020s. Shuffling the SOCAT years reduces the very high reconstruction 

biases in the 1980s (> 2 μatm), which likely is due both to the increased sampling and the mean of 

the training distribution falling now more centrally in the reconstruction period (Fig. S1).  

When using bias as error metric instead of nMSE, for several of the ESMs sub-sampled, 

the trend of negative bias in 2017-2022 disappears, or is significantly dampened (Fig. 1; Table 5). 

This suggests that it is possible to counteract some of the negative impact of the right-skewed 

spCO2 data distribution, by targeting bias in the algorithm optimization process.  
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Figure 3: Annual global ‘testbed mean’ (one member per ESM, 9 in total) reconstruction 
bias for the nMSE_run and the five shuffled runs.  

 

4.2 Experimental run with optimized hyperparameters 

Some of the reconstructions, particularly those sub-sampling UKESM1, CMCC and MPI, still 

underestimate spCO2 with bias as the hyperparameter error metric (Fig. 1; Table 5), leading to a 

negative 2017-2022 ‘testbed mean’ reconstruction bias of -0.2 μatm (Table 5). To explore if it is 

possible to further improve reconstruction bias, we performed an additional run (Optimized_run) 

applying the combination of hyperparameters that led to reconstruction biases closest to zero 

throughout the whole testbed period, which is the Bias_run sub-sampling CESM2-WACCM (Fig. 

1; Table 5). These optimized hyperparameters were applied to all 45 members of the testbed 

(maximum depth level: 6; learning rate: 0.3; decision trees: 4,000 decision trees; Table 4).  

In the main text, we discuss only the ‘testbed mean’ reconstruction bias. A description of 

the ensemble spread and comparisons between ESMs for the Optimized_run can be found in Sect. 

S2 in the Supplement and are shown in Figs. S3, S4. With optimized hyperparameters applied to 

all ESMs in the testbed, negative reconstruction biases after 2017 disappears (Fig. 4); the 2017-

2022 ‘testbed mean’ bias is zero (Table S1). Overestimation of spCO2 in the 1980s is also reduced 

(Fig. 4). This suggests that the optimized hyperparameters lead to an improved reconstruction 

globally. 

Improvements due to the optimized hyperparameters generally occur in the 1980s globally, 

and in the Southern Hemisphere, especially in the last few years of the testbed period (Fig. S5). 

The negative bias shown throughout the Southern Ocean by the nMSE_Run is dampened in the 

Optimized_run, but some areas show positive biases instead (Fig. S6). This suggests that, when 
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applying the optimized hyperparameters, regional positive and negative biases are averaging, 

leading to a global 2017-2022 ‘testbed mean’ of zero.    

 

Figure 4: Annual global mean reconstruction bias averaged over the 45 members of the 
testbed (‘testbed mean’). nMSE_run (pink solid) = hyperparameters were chosen based on 
negative mean squared error (nMSE) as error metric. Bias_run (blue dotted) = 
hyperparameters were chosen based on bias as error metric. Optimized_run (green dashed) 
= the same set of optimized hyperparameters were applied for all 45 reconstructions.  

 

4.3 Implications for real-world fCO2 reconstructions and air-sea CO2 flux 

In order to assess the implications of algorithm optimization on the quantification of real-world 

air-sea CO2 fluxes and ocean carbon uptake, we used the pCO2-Residual method to reconstruct 

fCO2 using real-world SOCAT observations (SOCATv2023; Bakker et al., 2023). We applied both 

the optimized hyperparameters from this study, and the original hyperparameters from Bennington 

et al. (2022a), where nMSE was used as the hyperparameter metric during algorithm optimization 

(maximum depth level: 9; learning rate: 0.3; decision trees: 1000; Bennington et al., 2022a).  

Since we are using real-world SOCAT data for these reconstructions, and not a testbed, we 

cannot compare the full reconstruction results to a ‘truth’; instead, we must calculate 

reconstruction error metrics using the test set (see Sect. 2.3). The reconstruction using the 

optimized hyperparameters shows a slightly lower global 1982-2022 mean RMSE (18.8 μatm), 

mean average error (12.4 μatm) and median average error (8.2 μatm) and higher correlation (0.91), 

but larger bias (-0.1 μatm) compared to the original reconstruction (19.0 μatm, 12.5 μatm, 8.3 

μatm, 0.91 and -0.07 μatm, respectively; Table 6).  



 20 

Given what we have seen using the testbed (Fig. 1), mean bias over a large time period 

such as 1982-2022 is likely not a good measure for comparing skill in this use case, as it is likely 

that positive biases in the 1980s may be averaging with negative biases in the 2010s and 2020s. 

We calculated annual mean biases by comparing all available monthly 1°x1° data points in 

SOCAT with the corresponding reconstructed fCO2 values. When considering the last ten years 

only, the optimized reconstruction shows biases closer to zero compared to the original 

reconstruction (Fig. 5). Overall, the test error metrics also show slightly better skill for the 

optimized reconstruction (Table 6), which suggests that the optimized hyperparameters lead to an 

improved reconstruction not only in the testbed, but also when using real-world SOCAT data. 

Using the two SOCAT reconstructions (with optimized and original hyperparameters), we 

calculate the global air-sea CO2 flux over the period of 1982-2022 (see Sect. 2.5). As shown by 

Fig. 6, when using the optimized hyperparameters in the ML model, the global ocean carbon 

uptake in 2022 is reduced by as much as ~ 0.5 Pg C/yr, and there is less divergence from the 

GOBM estimates. This suggests, at least for the pCO2-Residual method, that the 2022 increase in 

carbon uptake shown for the original pCO2-Residual reconstruction is at least partially due to 

algorithm optimization. Whether algorithm tuning for the GCB observation-based products, which 

incorporate different ML methods than the tree-based pCO2-Residual method, would also lead to 

a reduced carbon sink, should be explored in future studies.  

Our results also show that important scientific results that can affect future data campaigns 

and policy, such as the trend in the ocean carbon sink, may depend significantly on the choice of 

data, metrics, algorithm, and hyperparameter optimization pipelines. As a result, it is crucial to be 

explicit about all these choices when reporting the results of ML/AI-based models. This allows, 

on one hand, a fairer comparison to other results in the literature, and on the other hand, serves to 

open the proverbial black box of ML/AI-based tools and to make them accessible to more members 

of the ocean science community, as emphasized by Acquaviva et al. (2024).  
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Table 6: Test statistics for the optimized and original fCO2 reconstructions using real-world 
SOCAT data (SOCATv2023; Bakker et al., 2023). The test statistics represent global means 
over 1982-2022 and a mean of five runs (see Table S2 for individual run test statistics).  

 

 

 

Figure 5: Annual global mean reconstruction bias for fCO2 reconstructions using real-world 
SOCAT observations. Original hyperparameters = hyperparameters from Bennington et al. 
(2022a). Optimized hyperparameters = optimized hyperparameters from this study. 
Reconstructed fCO2 is compared to the full SOCAT dataset. Note that the bias calculation 
includes all data points in SOCAT, including those used for training, so the resulting biases 
are lower than what would be the case if only the test set were compared.  
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Figure 6: Annual mean global air-sea CO2 flux for the global ocean biogeochemical models 
(GOBMs; gray shading: one standard deviation; dotted line is the mean) and observation-
based products (solid lines) used in the Global Carbon Budget (Friedlingstein et al., 2023). 
The bold lines represent the air-sea CO2 flux estimated by the pCO2-Residual method using 
real-world SOCAT observations, with optimized hyperparameters (green) or original 
hyperparameters (orange) from Bennington et al. (2022a).  

 

4.4 The choice of testbed and its impacts 

For all of our experiments, regardless of algorithm optimization, all ESM means show high 

positive bias in the 1980s, negative bias in the early 1990s, and a sharp positive peak shortly after 

year 2000 (Figs. 1, S3). This pattern of reconstruction bias over time is thus not impacted by the 

ESM model structure, and is likely a result of the ML method, combined with the spatiotemporal 

resolution of the observations used to train the algorithm. The ESM structure does however impact 

absolute values of reconstruction bias and RMSE (Figs. 1, 2); for example, the peak of positive 

bias in the early 2000s is much larger for CESM2 compared to CanESM5, and while all ensembles 

show a negative bias in 2022 for the nMSE_Run, the magnitude differs significantly (Fig. 1). 

Further, the ensemble spread shows differences in both the magnitude and sign direction of the 

bias. For the Bias_run and Optimized_run, different ensembles from CESM2, CanESM5 and MPI 

show positive or negative bias in 2022 (Figs. 2, S4).  

Here we reconstruct spCO2 using only the pCO2-Residual method. The testbed study by 

Hauck et al. (2023) used two different reconstruction methods; the MPI-SOM-FFN (Landschützer 
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et al., 2023) and the Jena-MLS (Rödenbeck et al., 2015). In their sub-sampling experiments, 

assuming SOCAT coverage only, both methods underestimate spCO2 leading to significant 

negative biases since year 2000. However, the underestimation was more significant for MPI-

SOM-FFN, with negative biases generally > 5 μatm compared to < 5 μatm for Jena-MLS. This 

suggests that, at least the magnitude of bias, can be partly related to the mapping method itself. In 

their study, a single GOBM (i.e., FESOM-REcoM) was used as a testbed. These two 

reconstructions agree with some of our testbed ensembles in terms of negative biases over 2000-

2015 (Figs. 1, S4) but are opposite of our ‘testbed mean’ (Fig. 4). Combined, current sub-sampling 

experiments suggest that the type of reconstruction method and ESM model structure impact the 

magnitude of bias and that the type of testbed model used (both GOBM or ESM) may impact the 

sign direction of bias.  

5 Conclusions 

We have demonstrated that switching the basis for hyperparameter selection from nMSE to bias 

when using the pCO2-Residual method can improve reconstruction skill. When applied to actual 

SOCAT data, this leads to a significantly weaker global ocean carbon sink in 2022 (by ~ 0.5 Pg 

C/yr), and less of a divergence from GOBM estimates included in the GCB. This suggests that the 

increasingly stronger sink estimated by the pCO2-Residual method, and potentially other 

reconstruction methods, might not represent real changes in the ocean. When using optimized 

hyperparameters, the reconstruction still leads to ‘testbed mean’ global reconstruction biases ±1 

μatm over 1990-2022, and much larger biases regionally, especially in the Southern Ocean. Thus, 

as has also been shown in previous sub-sampling studies using a range of reconstruction methods 

and testbed structures (Bushinsky et al., 2019; Gloege et al., 2021; Djeutchouang et al., 2022; 

Hauck et al., 2023; Heimdal et al., 2024; Heimdal & McKinley, 2024), expanding the 

observational coverage of spCO2, especially in the Southern Ocean, could further reduce 

reconstruction biases and improve our current estimates of ocean carbon uptake. Combining 

algorithmic bias corrections with targeted sampling in undersampled areas could be a promising 

path forward to reduce uncertainties of the ocean carbon sink. 
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Supplementary Material 

S1. Supplementary Text – The shuffled runs 

To test if the trend of increasingly negative 2017-2022 reconstruction bias is a result of declining 

SOCAT coverage, we shuffled the years of the original SOCATv2023 (Bakker et al., 2023) 

sampling mask five times and reconstructed spCO2 for one member per ESM (nine in total), using 

identical hyperparameters as those of the nMSE_run (Table 4). The original SOCAT distribution 

shows consistently sparse observations in the 1980s, before a steady increase occur in the 1990s 

until 2017 (Fig. S1). From 2017 until 2022, the observations decrease. The five shuffled masks 

are created using the same sampling patterns as in the original SOCAT, but randomly changing 

the year of that sampling between 1982 and 2022 (Fig. S1).  

We calculated the mean spCO2 value and year from the testbed (mean of 9 members) based 

on each sampling mask. The mean spCO2 for the original mask is 370 μatm and occur in 2012, 

while the spCO2 means for the five shuffled mask range from 355 μatm and 360 μatm and occurs 

in years 2002-2006. The mean spCO2 of the full testbed (considering all 1 °x1° grid cells, no mask 

applied) is 356 μatm and occurs in 2002. We calculated annual global mean reconstruction biases 

(absolute values) for each reconstruction, and compared the biases to the number of monthly 1°x1° 

SOCAT observations per year for all years between 1982 and 2022 for all masks (Fig. S2). There 

is no correlation between the annual mean biases (see also Fig. 3) and number of SOCAT 

observations in that year.   
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Figure S1: Number of monthly 1°x1° SOCAT observations annually from 1982-2022 for six 
different SOCAT sampling masks. Original (gray bars) = SOCATv2023 (Bakker et al., 2023). 
Shuffled_1-5 (colored bars) = years of the original SOCAT mask randomly shuffled. Yellow bars 
in each panel represent the year corresponding to the mean ‘testbed truth’ spCO2 for each sampling 
mask. 

Mean spCO2 = 370 μatm Mean spCO2 = 357 μatm

Mean spCO2 = 360 μatm

Mean spCO2 = 357 μatm

Mean spCO2 = 357 μatm

Mean spCO2 = 355 μatm
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Figure S2: Correlation of monthly 1°x1° SOCAT observations and annual global mean 
reconstruction absolute bias for all years between 1982 and 2022. Original (gray dots) = 
reconstructions using the original SOCAT mask (v2023; Bakker et al., 2023). Shuffled_1-5 
(colored dots) = reconstructions using the shuffled SOCAT masks. 

 

S2. Supplementary Text – The optimized run 

We explore if it is possible to further improve reconstruction bias beyond using bias as error metric 

during hyperparameter selection for each ESM. We performed additional reconstructions (the 

Optimized_run) where we applied the combination of hyperparameters that led to reconstruction 

biases closest to zero throughout the whole testbed period. This combination corresponds to that 

chosen for the Bias_run sub-sampling CESM2-WACCM (Fig. 1; Table 5). These optimized 

hyperparameters (maximum depth level: 6; learning rate: 0.3; decision trees: 4,000; Table 4) were 

applied to all 45 members of the testbed.  

When using the optimized hyperparameters, the ‘testbed mean’ shows that the tendency to 

overestimate spCO2 in the 1980s, and underestimate spCO2 over 2017-2022 is significantly 

reduced compared to the nMSE_run and the Bias_run (Fig. 4). 2017-2022 ESM mean 



 35 

reconstruction biases are similar or closer to zero compared to those of the Bias_run, and most 

2017-2022 ESM mean reconstruction RMSEs are lower (Table S1). Negative ESM mean 

reconstruction biases over 2017-2022 are only shown for CMCC, CanESM5 and MPI (Table S1). 

Considering the whole testbed period, annual global ESM mean reconstruction biases for the 

Optimized_run and the Bias_run are very similar; notably better performance is only shown for 

ACCESS, CMCC and UKESM1 in the 1980s, and for CMCC and UKESM1 in the last years of 

the testbed (Fig. S3). Figure S4 shows the ensemble spread; generally, positive bias over 2017-

2022 is shown for most members of ACCESS, CESM2, CESM2-WACCM and GFDL, and 

negative bias for members of CMCC and MPI. For CanESM5, MPI and UKESM1 there is a larger 

spread, but these ESMs also have more members. 

 

Table S1: Global 2017-2022 mean reconstruction bias and RMSE for 
individual ESMs sub-sampled (ESM mean) and the ‘testbed mean’. 
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Figure S3: Annual global ESM mean reconstruction bias for the nMSE_run (pink solid), Bias_run 
(blue dotted) and Optimized_run (green dashed). nMSE_run = hyperparameters were chosen based 
on negative mean squared error (nMSE) as error metric. Bias_run = hyperparameters were chosen 
based on bias as error metric. Optimized_run = all runs used a set of optimized hyperparameters 
(depth level: 6; learning rate: 0.3; decision trees: 4,000).  
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Figure S4: Annual global mean reconstruction bias for the 45 reconstructions of the testbed for 
the Optimized_run, grouped by ESM. Bold dotted lines are ESM means.  
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Figure S5: Zonal mean, annual mean Hovmöller of reconstruction 
bias (‘testbed mean’; 45 members) for the nMSE_run, Bias_run 
and the Optimized_run.  
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Figure S6: Mean 2020-2022 reconstruction bias (‘testbed mean’; 45 members) for the 
nMSE_run, Bias_run and Optimized_run. Values on panels show the global mean (2020-2022) 
bias in μatm. 

 

 
Table S2: Test statistics (global mean over 1982-2022) for the fCO2 reconstructions using real-
world SOCAT data (SOCATv2023; Bakker et al., 2023). Optimized = reconstruction using the 
optimized hyperparameters from this study. Original = reconstruction using hyperparameters from 
Bennington et al. (2022a) based on nMSE as error metric during algorithm optimization. The 
machine learning model is run five times (Run 1-5). 
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