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GRAPHICAL ABSTRACT

PUBLIC SUMMARY
◼ AI emulation of reaction-transport model predicts dissolved organic carbon (DOC) cycling in global sediments.

◼ 11% of particulate organic carbon reaching seafloor returns to seawater as DOC, and 24% is sorbed to minerals.

◼ 50% of total solid-phase organic carbon in the upper meter of sediments consists of DOC sorbed to minerals.

◼ Conventional basic algorithms (ANNB) predict better than advanced deep-learning models (CNN).

◼ As model complexity rises, prediction accuracy drops, indicating the principle of parsimony in the AI context.
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The origin of dissolved organic carbon (DOC) in the ocean, which repre-
sents the largest active reservoir of exchangeable carbon on Earth, remains 
unknown due to the complexity of determining DOC exchange between ma-
rine sediments and seawater. Here, we emulate underlying processes of 
DOC dynamics using physics-based artificial intelligence (AI) to quantify 
DOC cycling and preservation in sediments at the global scale. We 
conclude that up to 11% of all particulate organic carbon deposited on 
the global seafloor returns to seawater as DOC following hydrolysis within 
the sediment, which is around half of the riverine DOC flux to the ocean. 
Around 50% of the total solid-phase organic carbon in the upper meter of 
sediments is formed through the sorption of DOC to minerals. Further, 
we show that the contribution of the abyssal plain to global DOC efflux 
and preservation, which is typically entirely overlooked in carbon cycle 
studies, is equivalent to half the contribution of the continental margins. 
This study also highlights the power of simpler AI algorithms compared 
to more complex models and extends the principle of parsimony in mathe-
matical modeling to the context of physics-based AI.

INTRODUCTION
Dissolved organic carbon (DOC) is a key component of Earth’s carbon cy-

cle 1–5 that controls biogeochemical cycles, atmospheric composition, and 
climate. 6–11 DOC in seawater is the largest active reservoir of organic carbon 
(OC) globally, 8,12–14 and its exchange between marine sediments and 
seawater, therefore, requires accurate consideration in global carbon cycle 
models in order to close the global carbon budget. 4,12,13,15–17 DOC released 
from sediments to seawater is immediately diluted, allowing it to escape remi-
neralization 18,19 and accumulate to levels equal to the CO 2 carbon content in 
the atmosphere. 3,5,20

Accurate quantification of DOC cycling on a global scale is not only crucial for 
understanding current and past climates 6–9 but also for assessing and 
designing strategies to deal with contemporary environmental issues, such 
as CO 2 removal 21 and quantification of microplastics in the ocean. Neverthe-
less, global quantification of benthic DOC cycling has remained very limited 
to date. The diversity of DOC species and their relatively short lifetimes 
compared to other biogeochemical components complicate field measure-
ments, resulting in limited data to establish accurate large-scale fluxes. DOC 
cycling processes are also inherently complex, and model development is corre-
spondingly challenging. 4 Although a comprehensive conceptual and numerical 
model has recently been developed for DOC cycling, 4 it has yet to be applied on 
a global scale due to its high computational demand. Published studies that 
attempt to estimate the DOC flux from marine sediments are based on diffu-
sion-only models 16 or a simple empirical relationship between DOC efflux and

OC oxidation rates. 17 These approaches ignore many processes that can influ-
ence DOC cycling, such as bioturbation, burial, hydrolysis, sorption to minerals, 
and geopolymerization. 4 Furthermore, to date, there has been no prediction of 
DOC preservation rates at a global scale. Thus, in the current study, we present 
the first global-scale predictions for various DOC species that flux from and are 
preserved in marine sediments.
Following hydrolysis of particulate OC (POC), DOC species are formed with 

different sizes and reactivities that can then undergo geopolymerization, 4,22,23 

i.e., combining to form less reactive OC, collectively referred to as geopolymer-
ized substances (GPSs), 22,23 and/or be preserved in sediments via sorption to 
minerals, thereby forming mineral-phase OC (MOC) (Figure 1). 1,4,24–26 DOC spe-
cies that are not retained in sediments are either remineralized to dissolved inor-
ganic carbon (DIC) that may ultimately return to the atmosphere as CO 2 and 
impact Earth’s climate 1,6–8,27 or diffuse out into the overlying water column 
and contribute to the seawater DOC reservoir. 8,12 While these processes are 
recently accounted for in a multi-component numerical reactive transport 
model (RTM), 4 such models for DOC cycling have not been applied at the global 
scale due to their computational restrictions. 28,29 Artificial intelligence (AI)- 
based model emulators constitute an increasingly widely used approach in 
which AI is trained to learn the functionality of a process-based numerical 
model, and the resulting emulator is then used for predictions at desirable 
scales or complex situations. 30–32 The AI emulator is trained to learn the phys-
ics (mechanisms) of the problem using data generated by the process-based 
numerical model (herein, RTM) based on random inputs. The minor computa-
tional requirements and high execution speed of AI-based emulators compared 
to numerical models allow for the application of the model at large scales while 
handling diverse and unknown parameters and retaining the accuracy of nu-
merical models.
Here, we develop the first AI-based emulators for a state-of-the-art RTM of 

DOC cycling in marine sediments 4 to predict global maps of benthic DOC fluxes 
and preservation rates. The RTM is executed more than 1,000 times to generate 
sufficient input-output data for training AI emulators (an approach called the 
Monte Carlo technique, shown in stage 1, Figure S1). Emulators are developed 
using four AI techniques (stage 2, Figure S1), namely artificial neural network 
(ANN) with the commonly used backpropagation optimization (Figure 2A), 
ANN with Bayesian regularization optimization (ANNB), random forest (RF; 
Figure 2B), and deep-learning convolutional neural networks (CNNs; 
Figure 2C). ANN and RF are examples of neuron-based and tree-based AI, 
respectively, and are relatively simpler in terms of structure and more widely 
employed than deep-learning techniques (e.g., CNNs). The emulators are then 
used to quantify fluxes and preservation rates of DOC and POC in global marine 
sediments for nine selected RTM outputs (stage 3, Figure S1). Each output is 
dependent on a different number of processes and input parameters (up to a 
maximum of 66). We use this diversity to quantify the relationship between
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the complexity of the problem and the complexity of AI models and to predict 
global benthic DOC cycles. This enables discussion of the principle of parsi-
mony in the context of AI models for Earth and environmental modeling, i.e., 
simpler models should be preferred over more complex ones for a given set 
of input factors. 34–38

MATERIALS AND METHODS 
Overview of the modeling procedure
A state-of-the-art RTM 4 that considers the cycling and preservation of DOC in marine 

sediment was emulated with several AI algorithms, including RF, an ANN with a traditional 
backpropagation optimization algorithm and another ANN separately with a Bayesian reg-
ularization optimization (ANNB) method, and a deep-learning CNN. These AI-based emula-
tors were then used to quantify DOC and POC cycling at the global scale. The flowchart of 
the model deployment is shown in Figure S1. To generate data for training AI algorithms, 
the RTM was executed multiple times (>1,000), based on input parameters which were 
randomly varied through a Monte Carlo approach (Figure S1, stage 1). Various model out-
puts were recorded after each model run, e.g., DOC fluxes from sediments, DOC preserva-
tion (or sorption) rates that lead to the formation of different MOC fractions, and POC fluxes 
at the sediment-water interface and at depth. Each of these output datasets resulting from 

>1,000 RTM runs, together with the random input datasets (>1,000 records for 66 param-
eters), was then used to train the AI algorithms (Figure S1, stage 2). 33 This stage also al-
lowed for conducting sensitivity analysis (i.e., global sensitivities of each output to 66 input 
parameters) for the ANN, ANNB, and RF. Finally, the best AI-based emulators selected in 
stage 2 were used to quantify the outputs (fluxes, preservation efficiencies, etc.) at each 
point of the global ocean map (Figure S1, stage 3).
At stage 1 (Figure S1), among 66 unknown input parameters of the model, we obtained 

the ranges and statistical distributions for six of the input parameters (including water 
depth, 78 sediment accumulation rate, 41 sediment surface porosity, 42 surface sediment 
POC content [POC 0 ; assumed to be the same as total OC], 42 bottom water NO 3 , 79,80 and 
O 2 79,80 ) from global grid data. 4 For other typical unknown parameters, we used data 
compiled from ten previous studies reporting both field measurements and modeling re-
sults (summarized in Babakhani et al. 4 ). The statistics obtained for these data, e.g., lower 
and upper fences, were used to select the ranges for the unknown parameters. 4 The ranges 
for new parameters were also either taken from the literature or from fitting the RTM to liter-
ature field data, as detailed previously. 4 At stage 3 (Figure S1), when producing the global 
maps using the AI emulators, we directly used the spatial values from ocean global grid

data (1 ◦ × 1 ◦ resolution 4 ) for the six input parameters mentioned above, and we also 
used previously developed empirical equations and theories to determine four other model 
input parameters as described later. The remaining model input parameters, which are un-
known at a global scale, such as DOC remineralization rates, were randomly varied within 
presumed ranges from previous literature, 4 and the AI-based emulators were run 1,000 
times at every point of the global ocean grid (1 ◦ × 1 ◦ resolution) in a Monte Carlo approach. 
This approach allowed obtaining the estimated mean value of outputs (e.g., DOC effluxes) 
for every grid point along with uncertainties of estimates resulting from random variations 
in the unknown parameter space. For the sake of verifying the global map predicted using 
the AI-based emulators, we also ran the RTM once at each point of the global ocean grid at 
a resolution of 5 ◦ × 5 ◦ , which was feasible within a reasonable time and with the available 
computational resources. At points where the model run was unsuccessful, the resulting 
output maps were imputed with the average of the model results for the rest of the points 
where the model runs were successful. Detailed descriptions of each stage of the modeling 
procedure and full descriptions of all AI algorithms, the numerical model, the Monte Carlo 
method, the sensitivity analysis technique, and data treatment are presented below and in 
the supplemental information.

Monte Carlo application for data generation from the RTM (stage 1)
The Monte Carlo approach was applied by random sampling of the input parameters of 

the RTM over their global ranges taken from ten selected field-modeling studies 48,65,81–89 

(summarized in Babakhani et al. 4 ) and six global maps (at a resolution of 1 ◦ × 1 ◦ ). 4 The 
datasets included water depth, 78 sediment accumulation rate, 41 surface sediment 
porosity, 42 and surface sediment POC content (POC 0 ; assumed to be the same as total 
OC), 42 bottom water NO 3 , 79,80 and O 2 79,80 ; Table S1). 4 These six datasets, along with their 
global maps, statistics, and histograms, were presented in Babakhani et al. 4 The list of 
model parameters with their ranges, statistics, and statistical distributions is given in 
Table S1. These are presented for the untreated input data from Monte Carlo sampling 
(2,000 records of input parameter sets) and treated data by removing cases with unsuc-
cessful RTM executions and those leading to negative DIC fluxes (reducing the sample 
to 1,450 records). When conducting the random sampling of the Monte Carlo method, 
the ranges of parameter values for the new parameters introduced in the recent study 4 

were assumed to be from near-zero values to five times the value obtained in fitting the 
model to field data, 48,87 or they were assumed based on other reasonable boundary values, 
e.g., the values of the same parameter from other components of DOC or GPS species. For 
other typical unknown parameters, we used data compiled from ten previous studies
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Figure 1. The conceptual model for organic carbon cycling in marine sediments is considered in a state-of-the-science reactive transport model Different particulate organic 
carbon (POC) fractions with different labilities (left green stars) are hydrolyzed (POC hydrolysis, shown with green arrows) to form the most refractory (semi)labile dissolved organic 
carbon (DOC) pool (DOC 1 , green triangles and particles), which undergoes sequential breakdown from DOC 1 to DOC 2 , DOC 3 , and so on (DOC hydrolysis, shown with blue curved 
arrows and blue spheres). 4 During DOC hydrolysis, the organic molecules decrease in molecular weight (MW) and become more labile from DOC 1 to DOC m (smallest blue spheres). 
From the most labile pool (DOC m ), condensation can occur to form geopolymerized substance (GPS) pools from GPS 1 to GPS p that increase in MW and become more refractory 
(geopolymerization, shown with purple arrows and purple spheres). This eventually leads to the formation of the most refractory pool (rDOC, largest purple sphere). We also consider 
the intrinsically undegradable fraction of the freshly liberated pool (DOC 1 ) that accumulates as part of the rDOC pool (shown with green triangles and the blue arrow). During these 
processes, remineralization can occur for all DOC pools ((semi)labile DOC, GPS, and rDOC) with varying degrees of reactivity. Concomitantly, all pools can interact with minerals 
through equilibrium surface adsorption (shown with gray half-arrows) and through kinetic sorption (shown with stone-blue full arrows). The latter is assumed to represent processes 
that lead to the sequestration of OC inside the minerals (e.g., occlusion, co-precipitation, and aggregation), forming mineral organic carbon (MOC) pools including DOC 1 -MOC to 
DOC m -MOC, GPS 1 -MOC to GPS p -MOC, and rDOC-MOC. 4
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containing both field measurements and modeling results. The statistics obtained from 

these data, e.g., lower and upper fences, were used to select the ranges for the unknown 
parameters. 4

Different probability distributions were fitted to the six global grid datasets, and the final 
distributions used in the Monte Carlo random sampling process were selected based on a 
trade-off between goodness of fit for histogram plots and simplicity. The selected distribu-
tions fitted to field data histograms, along with their mean (μ) and standard deviation (σ), 
are available in Babakhani et al. 4 A normal distribution was appropriate for these parame-
ters except for POC 0, which was better described with a log-normal distribution. For all other 
parameters, we used a uniform distribution except for the “a Gam ” parameter in the contin-
uum model used for POC hydrolysis. We assumed that a Gam was log-normally distributed, 
considering a previous empirical equation relating a Gam to the sediment accumulation 
rate 90 and random data generated for the sediment accumulation rate following POC 0, 
which has a log-normal distribution.
The uncertainties were estimated by determining 95% confidence intervals (CIs) accord-

ing to the 2.5 th and 97.5 th percentiles of the Student’s t distribution. 91 All model parameters 
are listed in Table S1. The number of Monte Carlo records was 1,000–2,000 at stage 1, with 
66 parameters being varied, and 100–1,000 at stage 2 (except for the CNN, which was 10 
in some cases), with 61 parameters being varied. Finally, the number of Monte Carlo runs at 
stage 3 was 1,000, with 57 parameters being varied. The number of Monte Carlo runs was 
sufficient to fully sample the variations of parameters, according to the resultant uncer-
tainties being within reasonable ranges compared to the means. Herein, all uncertainties 
have been reported for the mean values of all model outputs.
The only output that can be determined on a global scale is the flux of POC (Flux 0 POC, g 

cm − 2 yr − 1 ), which is calculated algebraically from the available field data of sediment

accumulation rate or burial velocity, 41 u 0 (cm yr − 1 ), porosity in the upper 5 cm of the sed-
iments, 42 P 0 ([ – ]), and POC content at the sediment-water interface 42 ([POC], g g − 1 ) 
following:

Flux 0 POC = ds (1 − P 0 )u 0 [POC]; (Equation 1)

where ds is the density of dry solids, assumed to be 2.5 (g cm − 3 ). 4 Here, ds(1 − P 0 )u 0 is
known as the sediment mass accumulation rate. 92

AI model implementation (stage 2)
We used a common framework for all AI methods to ensure an equal comparison across 

all methods. All the AI algorithms, including the ANN, ANNB, CNN, and RF, were coded in 
MATLAB and trained against the data multiple times in order to select the best structure. 
They consider uncertainties resulting from randomness in the modeling processes, such as 
the initiation of hyperparameters and selection of test/validation datasets. Importantly, we 
separated a set of the data to test the prediction accuracy of all AI algorithms from all 
modeling procedures. This set of test data is different from the test set that is also sepa-
rated before the training process of the ANN and CNN but can still play a role in the training 
process or the selection of the best model structure. This test set is aimed at allowing fair 
comparison across different methods.
The general modeling procedure for the ANN involves changing the number of hidden-

layer nodes in an internal loop of the algorithm from 3 to 36 and selecting the network that 
yields the best Nash-Sutcliffe model efficiency (NSE) for the training dataset. This was 
repeated in an outer loop where the Monte Carlo process was conducted (see

BA

C

Figure 2. The flow chart of different AI algorithms used in the present study (A) The architecture of the artificial neural network (ANN) with either a backpropagation optimization 
technique or Bayesian regularization (ANNB), (B) random forest (RF) structure, and (C) convolutional neural network (CNN), which is a common type of deep-learning method used 
for regression problems. The ANN algorithm followed previous studies 33 with one hidden (middle) layer, including a number of neurons that varied from 3 to 36 in the inner loop of 
our general modeling algorithm. X 1 to X p are inputs. IW and LW are the middle and output layers’ weights, and b is the bias (the hyperparameters that are tuned during the opti-
mization process). tansig is a hyperbolic tangent sigmoid function, which is used as the transfer function for the hidden layer. When implementing the RF algorithm, this inner loop 
was replaced with an automatic optimization process called “fitrensemble”, where the learning rate was varied in 3 intervals between 0.1 and 1, and the max number of splits was 
varied in 10 intervals between 1 and 1,024. The number of cross-validation folds and the number of forests were kept constant at 5 and 20, respectively. The CNN algorithm was also 
employed in the inner loop of the general modeling algorithm shown in Figure S1. Its structure in the present implementation is formed by three main types of layers, including 
convolutional layers, pooling layers, and fully connected layers, in addition to associated batch normalization layers and rectified linear unit (ReLU). The name of the layers, the 
number of activations (or the total number of nodes or cells in each layer), and the number of weights and biases are shown under each main layer in (C). Here, n p is the number of 
input parameters or factors, and n f is the number of filters selected (varied in the inner loop between 3 and 36, similar to the number of neurons in the implementation of the ANN). It 
should be noted that the actual number of filters changes across different layers but with constant proportions of 2 or 4 times in relation to n f .
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supplemental materials and methods, section S2.5) to consider the uncertainties resulting 
from the randomness in the algorithms in 100–1,000 executions. 4,33

In the present study, for the ANN model, we considered a hyperbolic tangent sigmoid 
function (tansig function in MATLAB) as the transfer function for the hidden layer and a 
linear transfer function (purelin function in MATLAB) for the output layer, following previous 
studies. 4,33 ANN training was performed using the Levenberg-Marquardt backpropagation 
learning algorithm to optimize ANN hyperparameters.
The inner loop 33 described for the ANN algorithm was also used for CNN modeling. But 

for the CNN, the number of filters in the first convolutional layers was varied instead of the 
number of hidden-layer nodes. The number of filters in other convolutional layers was tied 
to this number so that in the second convolutional layer, filters were doubled compared to 
the first layer and quadrupled in the third, fourth, and fifth convolutional layers. The number 
of nodes in the first fully connected layer was selected to be twice this variable number. 
Other parameters of the CNN were fixed in the inner loop at values that yielded the best 
fits in the initial trial-and-error runs. They were founded on the structure of the well-known 
models AlexNet and GoogLeNet, 58 including the size of filters (equal to one), the pool size, 
and the stride size (the step size for traversing inputs) in max pooling layers (also equal 
to one).
For RF, we used the automatic MATLAB optimization process “fitrensemble” instead of 

the part of the general algorithm that we developed and employed to adjust the hyperpara-
meters of other AI algorithms. In this process, the number of cross-validation folds and the 
number of forests were held constant at 5 and 20, respectively, whereas the learning rate 
was varied in 3 intervals between 0.1 and 1, and the maximum number of splits varied in 10 
intervals between 1 and 1,024. We also used this approach in a different way, whereby the 
only parameter that was kept constant was the number of optimization iterations (selected 
as 10), and the rest of the hyperparameters, including the number of learning cycles, the 
learning rate, and the maximum number of learning splits, were considered as variable/ 
adjustable. This led to similar overall results with only a slightly lower goodness of fit 
compared to the aforementioned approach and thus was not reported here. This was con-
ducted to ensure that the optimization process did not affect the final results of the RF 
model, which was found to be inferior to the other AI algorithms. Further details of the 
different AI implementations are provided in Figure 2.

Predictive modeling at the global scale (stage 3)
Following the selection of the best predictive AI-based emulators (or meta-models) from 

stage 2, these emulators were then applied to estimate global maps of output indicators 
(e.g., effluxes of different DOC fractions or the formation rate of mineral-phase DOC 
[MOC] from different DOC fractions) at stage 3 (Figure S1). At this stage, we directly 
used spatial values from the global map data (1 ◦ × 1 ◦ resolution) available for the six input 
parameters mentioned above, and we also used previously developed empirical equations 
and theories to determine four other model input parameters as described below. The rest 
of the model input parameters that are unknown at a global scale, such as DOC remineral-
ization rates, were randomly varied within presumed ranges. The AI-based emulators were 
run 1,000 times at every point of the global ocean grid (1 ◦ × 1 ◦ resolution) to cover the 
range of parameter variations in nature and to obtain uncertainties represented by random 

variations in unknown parameter values via a Monte Carlo approach.
The best emulators were selected during the Monte Carlo runs in a procedure similar to 

the sensitivity analysis process (outer loop as described before, stage 2, Figure S1). The 
best emulator among all Monte Carlo runs was selected based on the maximum model ef-
ficiency obtained for the training dataset in the inner loop, in addition to the maximum 

generalization efficiency defined previously 33 (a weighted average of model efficiency ob-
tained for training, validation, and test datasets in the outer loop). The generalization effi-
ciency was assumed to be equal to the average of the following two or three terms: (1) 
model efficiency for the training dataset, (2) the ratio of model efficiency for the test dataset 
to the model efficiency for the training dataset, and, if applicable, (3) the ratio of model ef-
ficiency for validation dataset to the model efficiency for the training dataset. 33 This crite-
rion may lead to the selection of an AI-based emulator with the highest prediction ability 
among different iterations of the outer loop. Yet not all of the AI algorithms could be run 
for an equal number of iterations: most were executed 700 or 1,000 times at stage 2, 
whereas the CNN was mostly executed 100 times due to its computational expense. 
Thus, for the cases that did not properly match the RTM outputs after comparison at stage 
3, we repeated the processes from stage 3 with a different number of maximum model 
runs, including 100 and 500 for the ANN, ANNB, and RF and 10, 30, and 200 for the 
CNN, to select the best predictions compared to the RTM predictions after stage 3.
For execution of the emulators or the RTM at the global scale (stage 3, Figure S1), other 

than the spatial values for the six input parameters obtained from previous literature, four of 
the parameters were calculated using existing empirical correlations in the literature:

(1) The shape parameter of the gamma distribution, a Gam , was calculated following 
Arndt et al. 63 :

a Gam = 10 (3:35 − 14:81u 0 ) ; (Equation 2)

where u 0 is the burial velocity of solids before compaction (cm yr − 1 ).

(2) The bioturbation coefficient at the surface of the sediments, D Bio0 (cm 2 yr − 1 ), was 
estimated using an empirical relationship developed by Middelburg et al. 64 :

D Bio0 = 5:2 × 10 − (− 0:7624+0:00039724×SFD) ; (Equation 3)

where SFD is the water depth. A scaling factor for dissolved oxygen dependency (F scale = 
0.5 + 0.5 × Erf(([O 2 ] − 20)/12)) was multiplied by the final values for D Bio0 and the bio-irri-
gation coefficient at the surface of the sediments, α 0 (yr − 1 ), following Dale et al. 65

(3) The bio-irrigation coefficient at the surface of the sediments was calculated 
following Thullner et al. 66 and Meile and Cappellen. 67 The average bio-irrigation co-
efficient, α, in the oxic zone was based on the data given in Meile and Cappellen. 67 

This yielded the following relationship, which showed a determination coefficient 
(R 2 ) of 0.466 compared to that in Meile and Cappellen 67 being 0.445 (data 
not shown):

α = 0:0025 × J O 2 
1:8712 

; (Equation 4)

where J O 2 is the benthic O 2 flux (μmol cm − 2 yr − 1 ) calculated from Meile and Cappellen. 67

(4) The halving depth of the bioturbated zone, X Bio (cm), was calculated following 
van de Velde and Meysman. 68

Data pre-treatment
The statistics and statistical distributions for the 66 input factors before and after data 

pre-treatment are shown in Table S1 and for the nine output factors in Table S2. All data 
were log transformed before being input to the AI models (Stage 2 of the modeling algo-
rithm). Certain parameter combinations may result in unreasonable model outputs and 
thus lead to outliers in the generated dataset at the Monte Carlo stage (stage 1, 
Figure S1). We removed the outliers in the RTM output data using the MATLAB built-in func-
tion “rmoutliers” based on the default method “median,” which considers three scaled me-
dian absolute deviations. It should be mentioned that at this stage, the model was initially 
run 2,000 times. Nevertheless, since not all model runs were successful due to numerical 
problems, the final data obtained at this stage comprised 1,756 cases. Furthermore, there 
were cases in different model runs across random input parameter values where a negative 
flux (i.e., flux into the sediment) was observed for DIC. This situation probably happens 
when there is not a significant production of DIC within sediments and processes such 
as advection of pore water fluid (resulting from the burial velocity of pore water with 
steady-state compaction in the system), diffusion and bio-irrigation promote a flux of 
DIC into the sediments from the surface. We removed all cases with negative DIC fluxes 
from the dataset, reducing the final size of the dataset from 1,756 to 1,450 before removing 
the outliers described above. Even with the highest portion of outlier removal (10.7%), the 
size of the total dataset used for AI modeling was larger than 1,000 records, generally used 
as a standard in Monte Carlo analyses. 39

The execution of the RTM at every point of the global ocean grid was only practical at a 
resolution of 5 ◦ × 5 ◦ or coarser. Yet, even at this resolution, there were points in the global 
grid maps where the RTM faced numerical difficulties, leading to impractical long-time runs 
or no runs. This reduced the size of predicted map datapoints from 1,686 to 1,410. We 
handled these points as missingness when plotting the resulting maps. For this purpose, 
the missing data were imputed with the average of that model output for the rest of the 
points where the RTM was successfully executed. Furthermore, the issue of negative 
DIC fluxes, which occurred when running the RTM at stage 1, also occurred at the global 
scale (stage 3). We removed all data related to negative values of DIC in the global map pre-
diction dataset as well, reducing the global dataset from 1,410 to 341 points for DIC efflux 
(at a resolution of 5 ◦ × 5 ◦ ). In addition to DIC, the outputs for the sorption of (semi)labile 
DOC and GPS onto minerals also show zero values in large areas of the ocean. Such 
near-zero values for the sorption of (semi)labile DOC and GPS in the predicted global 
map comprised 912 and 19 of 1,410 points, respectively. These likely occurred due to 
(semi)labile DOC and GPS species being entirely degraded in the pore water, thereby not 
being available for sorption onto minerals, or due to minor numerical oscillation in this con-
dition. The cases with negative DIC fluxes in global maps were replaced with a near-zero 
value (10 − 10 ), while the remaining gaps were imputed with the median of the rest of the
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data when we plotted the global map. When comparing the prediction accuracy of different 
models at the global scale using goodness-of-fit criteria, the missing data in the outputs 
across all models were discarded rather than being filled with a constant value.

RESULTS
Model validation and best model selection
All four AI algorithms can fit the data generated from the RTM for the nine 

outputs based on a set of 1,000–2,000 random input data. The nine outputs 
include DIC flux from sediments (Flux 0 DIC), GPS flux, (semi)labile DOC flux,

POC flux to the seafloor, recalcitrant or low-reactivity DOC (rDOC) flux, POC 
flux at a sediment depth of L = 1 m (Flux L POC), GPS preservation rate, (semi)- 
labile DOC preservation rate, and rDOC preservation rate (Table 1). The ANNB 
yields the best goodness of fit to the training data, with the mean Nash-
Sutcliffe model efficiency coefficient for the nine cases being 0.955 ± 0.02, fol-
lowed by the ANN (0.929 ± 0.02), RF (0.921 ± 0.03), and CNN (0.914 ± 0.03). 
These fitted AI algorithms are also able to predict unseen datasets, with the 
mean model efficiency of the nine cases being 0.870 ± 0.05, 0.820 ± 0.06, 
0.794 ± 0.06, and 0.782 ± 0.07 for the ANNB, CNN, ANN, and RF, respectively 
(Table 1), with the ANNB again ranking as the best model.
The best AI emulators trained on RTM-generated data from random inputs 

were then used to predict the global maps for the nine outputs. To verify the 
overall modeling approach and the procedure, we compared the predicted 
global map results for POC flux (Flux 0 POC, g cm − 2 yr − 1 ) to sediments using 
the RTM and AI emulators, with algebraically calculated maps from datasets 
of POC content and sediment accumulation rates using Equation 1, as POC 
flux is the only model output that can be calculated algebraically. The results, 
shown in Figures 3 and S2, reveal an excellent match between the predictions 
of the algebraic approach and the RTM, ANNB, and ANN algorithms. While the 
CNN method also shows a good match with the RTM and algebraic approaches 
in the margin and shelf regions, it overestimates the flux in the abyssal plain. 
A comparison of the global maps predicted by the four AI algorithms for the 

nine output variables (Figures 4, 5, S3, and S4) reveals that among the four AI 
approaches, the ANNB algorithm provides the best visual match to the outputs 
of the RTM, consistent with the above results. Large deviations appear for RF, 
which generally overestimates output fluxes and rates in the abyssal plain and 
ignores spatial variations, whereas other AI models can reproduce spatial vari-
ations. R 2 and NSE for the fit between each AI algorithm and the RTM are 
compared in Table 2. The mean R 2 calculated for the outputs of all nine 
modeling cases equals 0.86 for the ANNB, followed by 0.75 for the ANN, 0.57 
for RF, and 0.51 for the CNN, illustrating the generally good match between 
the predictions of AI algorithms and those of the RTM. The global value predic-
tions integrated over shelf, margin, and abyssal plain regions of the ocean for all 
nine outputs are compared using scatterplots for different AI approaches 
versus ANNB results, which is considered the best model (Figure S5). The re-
sults suggest that there is a good match between global map predictions using 
the ANN and CNN and those using the ANNB, while the predictions by RF show 
the least agreement.
These results suggest that 1,000–2,000 random Monte Carlo samples from 

66 input parameters of the RTM provide enough data to train AI emulators and 
learn the physics (i.e., biogeochemistry) of the RTM. The use of 1,000 samples 
in the Monte Carlo technique is generally considered standard practice, 39 

although fewer datapoints for training AI algorithms have also shown prom-
ise. 33,40 We selected the sampling ranges of the input parameters to cover 
the broad range of global natural conditions from available global maps of 
the input parameters or by directly selecting the upper and lower fences of 
data compiled from ten prior studies, as described previously. 4

Table 1. The mean Nash-Sutcliffe model efficiency of all Monte Carlo model runs (stage 2) resulting from different AI algorithms for the training dataset and for the test dataset

AI method

Mean NSE 
of all Monte 
Carlo runs Flux 0 DIC Flux 0 GPS

Flux 0 (semi) 
labile DOC Flux 0 POC Flux 0 rDOC Flux L POC Sorp GPS

Sorp (semi) 
labile DOC

Sorp
rDOC Mean CI

ANN training 0.898 0.903 0.912 0.956 0.910 0.974 0.940 0.926 0.944 0.929 0.02

test 0.721 0.711 0.715 0.860 0.715 0.940 0.836 0.787 0.862 0.794 0.06

ANNB training 0.930 0.938 0.943 1.000 0.951 0.985 0.910 0.973 0.966 0.955 0.02

test 0.802 0.844 0.862 1.000 0.859 0.957 0.715 0.897 0.897 0.870 0.05

RF training 0.898 0.878 0.928 0.991 0.905 0.990 0.885 0.906 0.906 0.921 0.03

test 0.662 0.690 0.824 0.964 0.744 0.951 0.728 0.765 0.713 0.782 0.07

CNN training 0.840 0.909 0.925 0.968 0.911 0.974 0.910 0.901 0.888 0.914 0.03

test 0.662 0.815 0.842 0.953 0.809 0.942 0.817 0.796 0.748 0.820 0.06

The test set is not used in the model process and is therefore unseen. The last two columns are the average and 95% confidence interval of all cases. The bold 
numbers are the maxima in each row. The maximum NSE values are presented in Table S3. NSE, Nash-Sutcliffe model efficiency; CI, confidence interval.

Figure 3. Comparison of global maps for Flux 0 POC (log mmol m − 2 d − 1 ) predicted us-
ing different models The models include the following: algebraically calculated from 
available datasets of POC content and sediment accumulation rates, 41 porosity, 42 and 
surface sediment POC concentrations 42 using Equation 1 to verify the overall modeling 
approach and the codes (resolution 1 ◦ × 1 ◦ ); RTM (resolution 5 ◦ × 5 ◦ ); artificial neural 
network with Bayesian regularization optimization (ANNB; resolution 1 ◦ × 1 ◦ ); artificial 
neural network with the commonly used backpropagation optimization (ANN; resolution
1 ◦ × 1 ◦ ); deep-learning convolutional neural network (CNN; resolution 1 ◦ × 1 ◦ ); and 
random forest (RF; resolution 1 ◦ × 1 ◦ ). All AI emulators were executed at each grid point 
1,000 times, and the results represent the average values after randomly varying un-
known model input parameters. Uncertainties resulting from these random variations 
are presented in Figure S7.
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It should be noted that the RTM could only be applied once at each point of 
the global grid at a resolution of 5 ◦ × 5 ◦ , which is lower than the 1 ◦ × 1 ◦ reso-
lution at which the AI techniques with many runs at each point were applied. 
The execution of the RTM was still not possible at all grid points due to numer-
ical convergence issues. The gaps resulting from these unsuccessful runs were 
assigned statistically (see materials and methods) to compare global maps and 
were excluded when calculating the determination coefficients (Nash-Sutcliffe 
efficiency and R 2 ) for the goodness of fit between RTM-predicted maps and 
emulator-predicted maps.
A major part of the global map for DIC efflux predicted using the RTM ap-

pears uniformly near zero when compared to the AI emulator-predicted 
maps. The reason for this is partly the low resolution of the RTM-generated 
map (5 × 5) hindering gradual change from margin and shelf regions to 
deep abyssal plain and partly because of the uniform replacement of negative 
DIC fluxes predicted using the RTM in 1,069 of 1,410 datapoints (data within

the range of − 4.3 to 273.4 mmol m − 2 d − 1 before replacements) with a con-
stant near-zero value (10 − 10 ) (see materials and methods: data pre-
treatment). While the reason for the generation of negative DIC fluxes using 
the RTM might arise from the assumptions of the boundary conditions of 
the RTM, the replacement of these values with zero makes physical sense 
because the fraction of POC deposited on sediments in the deep sea has 
already undergone long downward transport distances in the ocean water 
column, where the more reactive fraction has already been mostly degraded, 
and the less reactive fraction has reached the sediments. 1 This less 
reactive fraction is then mainly preserved in the form of rDOC and GPS 
rather than being remineralized to DIC, as demonstrated in the maps of 
rDOC sorption and GPS sorption, showing much higher preservation in the 
abyssal plain compared to (semi)labile DOC in this region (Figure 5). Therefore, 
the flux of DIC from the sediments in the abyssal plain region is mostly 
near zero.

Figure 4. Comparison of global maps for fluxes (log mmol m − 2 d − 1 ) of different species predicted using the RTM (resolution 5 ◦ × 5 ◦ ), artificial neural network with Bayesian 
regularization optimization (resolution 1 ◦ × 1 ◦ ), and artificial neural network with the commonly used backpropagation optimization (resolution 1 ◦ × 1 ◦ ) Both AI emulators 
(artificial neural network with Bayesian regularization optimization [ANNB] and artificial neural network with the commonly used backpropagation optimization [ANN]) were 
executed 1,000 times at each grid point, and the results represent the average values after randomly varying unknown model input parameters. Uncertainties resulting from these 
random variations are presented in Figure S7. In the case of Flux 0 DIC, the RTM-predicted values were negative in vast areas. These negative values were consistently replaced with 
a near-zero value.
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Negative DIC effluxes were also generated by the RTM when it was used to 
generate data for emulator training based on random inputs (stages 1 and 2) 
but not as extensively as the map prediction stage (stage 3). The data with 
negative DIC efflux values at stage 2 only constituted a relatively small portion 
of the dataset (306 from 1,756 datapoints), and these were removed from the 
entire dataset to prevent any unknown effects on AI emulator development. At 
this stage, after the negative DIC flux cases were removed, the total number of 
data for training AI emulators was still above the 1,000 standard (see materials 
and methods: data pre-treatment). We have shown that the exclusion of cases 
with negative DIC fluxes, as well as the cases with unsuccessful RTM execu-
tions (244 of the original 2,000 datapoints), did not lead to a significant 
(p > 0.05) change in the statistics of the reduced dataset compared to the orig-
inal dataset generated through the Monte Carlo process (Table S1). The mini-
mums, maximums, means, medians, and standard deviations of the two data-

sets exhibited correlation coefficients of 0.9815, 1.0000, 1.0000, 1.0000, and 
1.0000 and NSE values of 0.95810, 0.9999, 1.0000, 0.9999, and 0.9999, respec-
tively. Additionally, we tried to use the data without removing negative DIC 
values to train the emulators and predict the global maps, but this approach 
did not yield a better match between the RTM-predicted maps and the 
emulator-predicted global maps (data not shown). The current emulator predic-
tions can properly display the variations of fluxes and sorption rates across 
different shelf, margin, and abyssal plain regions for all investigated species, 
as shown in Figures 4 and 5. Therefore, the exclusion of cases with negative 
DIC fluxes and unsuccessful RTM executions from the training dataset is un-
likely to cause exclusion of certain natural biogeochemical conditions from 

model consideration.
In addition to DIC efflux maps showing major parts with uniformly near-

zero values, RTM-predicted maps for the sorption of (semi)labile DOC and

Figure 5. Comparison of global maps for sorption rates (log mmol m − 2 d − 1 ) of different DOC species predicted using the RTM (resolution 5 ◦ × 5 ◦ ), artificial neural network with 
Bayesian regularization optimization (resolution 1 ◦ × 1 ◦ ), and artificial neural network with the commonly used backpropagation optimization (resolution 1 × 1 ◦ ) Both AI 
emulators (artificial neural network with Bayesian regularization optimization [ANNB] and artificial neural network with the commonly used backpropagation optimization [ANN]) 
were executed 1,000 times at each grid point, and the results represent the average values after randomly varying unknown model input parameters. Uncertainties resulting from 
these random variations are presented in Figure S7.

Table 2. The determination coefficient and Nash-Sutcliffe model efficiency for the correlation between RTM runs for the global grid data points and AI-based emulator runs for 
the same points (stage 3, Figure S1), resulting from different AI algorithms for the training dataset and for the test dataset

Index AI method Flux 0 DIC Flux 0 GPS
Flux 0 (semi) 
labile DOC Flux 0 POC Flux 0 rDOC Flux L POC Sorp GPS

Sorp (semi) 
labile DOC Sorp rDOC Mean

R2 ANN 0.442 0.826 0.927 1.000 0.498 0.726 0.823 0.687 0.784 0.746

ANNB 0.729 0.952 0.940 1.000 0.787 0.865 0.877 0.788 0.841 0.864

RF 0.573 0.644 0.638 0.413 0.680 0.247 0.701 0.668 0.598 0.574

CNN 0.000 0.716 0.864 0.571 0.247 0.530 0.309 0.759 0.627 0.514

NSE ANN 0.796 0.701 0.801 0.855 0.225 0.660 0.730 0.732 0.533 0.670

ANNB 0.883 0.843 0.756 0.849 0.492 0.826 0.806 0.751 0.806 0.779

RF 0.797 − 0.486 0.260 0.253 0.359 0.029 0.480 0.641 0.398 0.304

CNN 0.434 0.455 0.726 0.504 − 2.486 0.283 − 0.356 0.788 0.496 0.094

The test set is entirely separate from the data used in the training phase of the model process. The last column is the average of all cases. R 2 , determination co-
efficient; NSE, Nash-Sutcliffe model efficiency.
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GPS onto minerals show near-zero values in some areas (912 and 19 data-
points being near zero, respectively, out of 1,410). In these cases, (semi)la-
bile DOC and GPS are totally degraded in the pore water and thus are not 
available for sorption onto minerals, resulting in zero sorption. AI emulators 
properly capture this trend (Figure 5) and, due to their empirical nature, pre-
dict a smoother transition toward zero values in those regions where the 
RTM shows zero values.
Although our AI-based emulator predictions are in general comparable with 

those of the RTM, there might be other potential sources of error in the upscal-
ing process or extrapolation, e.g., resulting from potential errors in the input 
maps, resolution change, excluded RTM results due to numerical convergence 
issues, etc., that might bias both models’ results. Nevertheless, the close match 
between the emulator-predicted map for POC flux and the maps generated 
based on the algebraic solution and from the RTM verifies our overall approach. 
Further, comparison of RTM-generated maps and emulator-predicted maps for 
other predicted variables verifies the prediction of these other variables. Yet, 
further validation of these maps is desirable in future studies once global obser-
vational data become available for such variables.

Mean global prediction results
Based on our investigation of different AI algorithms and comparisons with 

the RTM and algebraic solution results (Figures 3, 4, and 5; Tables 1 and 2), 
we selected the ANNB as the best AI model for global-scale predictive capacity. 
The quantified values averaged for the entire ocean and for the continental shelf 
(with water depths of <200 or <500 m in the Antarctic), continental margin (with 
depths from 200 or 500 to 3,500 m), and abyssal plain (with depths of >3,500 
m) are shown in Figure 6 and for other AI-based emulators are presented in 
Table S4. The best AI model (ANNB) shows that 833 ± 0.001 Tg C yr − 1 POC 
is deposited at the seafloor, which is within the range of previous estimates 
that vary widely from <400 43,44 to 5,739 1,45 Tg C yr − 1 . This prediction is accurate 
due to negligible uncertainties resulting from randomly varied unknown param-
eters and due to the minor difference between globally integrated POC fluxes 
predicted by the ANNB and those calculated by the algebraic solution (1.9%, 
0.0%, and 0.0% difference for the abyssal plain, margin, and shelf regions, 
respectively). From the 833 Tg C yr − 1 POC deposited at the seafloor, 92 ± 8 
Tg C yr − 1 is returned to seawater as (semi)labile DOC (86 ± 8 Tg C yr − 1 ), 
GPS (4.8 ± 0.3 Tg C yr − 1 ), and rDOC (1.2 ± 0.1 Tg C yr − 1 ) (Figure 6), while

217 ± 7 Tg C yr − 1 is remineralized and returned as DIC (Figure 6). Accordingly, 
11% of the total OC arriving at the seafloor as POC returns to seawater as DOC, 
thus contributing to the existing seawater DOC reservoir. Our predicted DOC flux 
to the ocean is comparable with previous estimates 45 and is around half of the 
riverine DOC flux into the ocean (∼210 Tg C yr − 1 ). 46 Compared to global produc-
tion rates of DOC in the water column reported for (semi)labile DOC (23,400 Tg 
C yr − 1 ), semi-refractory DOC (equivalent to our GPS, 340 Tg C yr − 1 ), and rDOC 
(43 Tg C yr − 1 ), 3 our DOC effluxes each contribute 0.4%, 1.4%, and 3.8%, respec-
tively. These results suggest that the contribution of DOC diffusing out from the 
sediment into the water column increases with a reduction in DOC reactivity. 
The fact that in our model, ∼4% of the 16,000-year-old rDOC seawater pool 
forms within and then escapes from sediments suggests that the seafloor is 
a considerable source of “old DOC.” 13,47 Sediment-derived DOC has already sur-
vived degradation in the sediment environment (as DOC) and may be respon-
sible for the most recalcitrant species of OC in the water column. This pool 
with considerable turnover times acts as a major modulating factor in Earth’s 
biogeochemical cycles and climate. In particular, the fraction of rDOC in 
seawater that originates from sediments is subject to dilution by seawater 
and might thus be stored in seawater over much longer timescales than 
rDOC in sediments 18,19 and rDOC in seawater that is originally formed in 
seawater. 3

The global MOC preservation rates quantified by our model reveal that of the 
833 Tg C yr − 1 POC deposited at the seafloor, 202 ± 8 Tg C yr − 1 is sorbed to 
minerals, predominantly as (semi)labile DOC-MOC (160 ± 11 Tg C yr − 1 ), GPS-
MOC (35 ± 2 Tg C yr − 1 ), and rDOC-MOC (7.2 ± 0.4 Tg C yr − 1 ) (Figure 6). 
Thus, 24% of all POC deposited on the seafloor is sorbed to sediment minerals 
after hydrolysis and/or geopolymerization in sediments. Compared to total 
solid-phase OC in sediments (MOC plus unhydrolyzed POC that together ac-
count for 422 Tg C yr − 1 ; Figure 6), 48% of solid-phase OC in the surface meter 
of sediments is present as MOC. Although measurements of the present con-
centrations of DOC in sediment porewaters may only be a small portion of 
the concentration of total OC in sediments (e.g., <1% according to DOC profiles 
measured previously 48 ), our results indicate that the continual production of 
DOC via the hydrolysis of POC and its subsequent sorption to minerals 
constitutes a dominant OC preservation pathway in marine environments, as 
shown recently. 4 Our finding that half of the total solid OC in the surface meter 
of sediments is formed through the sorption process is more than twice the 
average measured by the extraction of OC associated with reactive iron phases 
in sediments (21.5% ± 8.6%) 2 but is within the range reported for terrestrial and 
marine sites. 49 Our model does not place any limitations on the number of min-
eral types or surface sites available to DOC sorption (MOC preservation). Pre-
dicted greater reservoirs of MOC compared to the previous measurements of 
OC sorbed to reactive iron phases alone 2 reveal the need for considering other 
minerals aside from reactive (oxyhydr)oxide iron minerals in preserving OC. 50 

To date, understanding the contributions of different ocean regions to OC 
cycling has been challenging and rather speculative based on individual 
field measurements. In particular, DOC cycling in the abyssal plain has 
been widely overlooked, mainly because OC remineralization rates, typically 
estimated by measuring DIC and oxygen fluxes, are extremely low in the 
deep sea. 51 Our model illustrates the contribution of the different ocean re-
gions to DOC efflux and preservation for the first time. Based on the model 
predictions, the contribution of the abyssal plain to globally integrated POC 
flux at the surface, MOC preservation, DOC efflux, and DIC efflux is 18.1%, 
19.1%, 21.5%, and 14.9%, respectively, compared to the contributions of 
the margin (36.9%, 36.8%, 34.2%, and 32.5%, respectively) and the shelf 
(45.0%, 44.0%, 44.3%, and 52.7%, respectively) (Figure 6). Despite the 
greater total area of the abyssal plain (295 × 10 6 km 2 ) compared to the 
shelf (35.6 × 10 6 km 2 ) and margin (40.1 × 10 6 km 2 ), the majority (82%) 
of the POC rain rate takes place on the shelf and margin, and thus the ma-
jority of OC cycling occurs in these regions. 52 Interestingly, these results 
show that the shelf contributes more to the global DIC efflux than it does 
to the global POC deposition, MOC preservation, and DOC efflux, while 
the abyssal plain contributes less to the global DIC efflux than it does to 
the global POC deposition, MOC preservation, and DOC efflux. This sug-
gests that the overall reactivity of OC in the abyssal plain is less than in 
the shelf region. Based on previous studies, 4,53–56 OC reactivity in ocean 
sediments is not only an intrinsic property of the organic compounds

POC influx at seafloor (analytical)

POC influx at seafloor

DIC efflux

(semi) labile-DOC efflux

GPS-DOC efflux

(semi) labile-DOC-MOC preservation 
rate

GPS-MOC preservation rate

rDOC-MOC preservation rate

POC preservation rate

rDOC efflux

0.1 1 10 100 1000
Fluxes or preservation rates (Tg C.yr-1)

Global Shelf Margin Abyssal Plain

Figure 6. Area-weighted (by grid-cell) average of model outputs obtained for global 
maps of fluxes (Tg C yr − 1 ) and preservation rates (Tg C yr − 1 ) using the ANNB-based 
emulator and, in the case of POC influx, using the algebraic calculation Error bars 
indicate a 95% confidence interval based on 1,000 runs of the ANNB-based emulator at 
each grid point of the global map to reflect the uncertainties that result from randomly 
varying unknown model input parameters. The algebraic solution is deemed to be ac-
curate; thus, no uncertainty analysis has been considered.
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themselves, such as molecular structure and source material, but is also 
influenced by environmental factors, such as sedimentation rate, water 
depth, total POC input, microbial activity, and mineral interactions. Accord-
ingly, shelf and margin sediments receive more reactive OC due to higher 
productivity and a faster sedimentation rate compared to the abyssal plain, 
which receives more of the less reactive OC fraction due to more extensive 
degradation of reactive OC in the water column. 4,53–56 Our AI model predic-
tions, which are based implicitly on the physics (biogeochemistry) of the 
RTM with regard to the intrinsic reactivity of different species (which is var-
iable due to geopolymerization) and environmental factors (e.g., early 
diagenesis processes), show that OC in the abyssal plain may overall be 
less reactive than that in the shelf region, leading to lower remineralization.

DISCUSSION
As a deep-learning approach, the CNN is expected to be a more powerful 

model, as its structure is more complex with more hyperparameters (i.e., param-
eters specific to the AI techniques that are tuned in the training process) that 
provide a greater degree of freedom in the fitting process (Figure 2C). 57 Never-
theless, here, the CNN shows the lowest mean model efficiency for the training 
dataset (the RTM generated based on random inputs) compared to the other 
models used. The optimization algorithm in the CNN is directly focused on 
building the ability to predict the test dataset (unseen data) rather than finding 
the best fits to the training dataset. 36 This leads to the CNN ranking second in 
prediction ability (to fit the test dataset) despite being ranked fourth in descrip-
tion ability (to fit the training data). Yet, in predicting global maps, the CNN 
(mean R 2 = 0.51) still performs worse than the best model, the ANNB (mean 
R 2 = 0.86).
Our CNN structure was developed based on advanced current deep-learning 

algorithms, including AlexNet and GoogLeNet 58 (as described in materials and 
methods: AI model implementation (stage 2)). While other new AI algorithms, 
such as the extreme gradient boosting (XGBoost) model, 59 could also be tested, 
here we show that more complex techniques, such as the CNN, are not neces-
sarily better than simpler models, such as the ANNB. Even with better model ef-
ficiency in training, tree-based models such as the RF algorithm show low pre-
diction performance, suggesting that, in general, alluring fits of AI models to the 
training dataset should not be considered an indicator of their appropriateness 
for prediction.
Among the nine cases, the best fits were generally obtained for the flux of 

POC to the sediment surface (model efficiency ranging from 0.860 to 1.000), 
and the lowest model efficiency was obtained for DIC efflux from the sediments 
(0.662–0.930). This is expected because POC preservation and cycling, which 
are affected only by remineralization and burial, are simpler than the modeled 
pathways of DOC and DIC, which are affected by hydrolysis, geopolymerization, 
sorption, and other reactive transport processes. Particularly, DIC is considered 
to be one of the end products of carbon cycling processes, and thus, modeling 
DIC efflux can be a highly intricate task, especially when DOC cycling and pres-
ervation are taken into account.
The data from all nine cases of modeling were used to produce a Taylor dia-

gram to compare the performance of the different models (Figure S6). 60 Consis-
tent with the above results, this diagram also indicates that the best overall AI 
model in terms of the correlation coefficient and root-mean-square deviation 
(RMSD) error is the ANNB, followed closely by the ANN and CNN, whereas 
RF shows a poorer performance. The ability of the ANN and CNN to reproduce 
the magnitude of variations in the dataset, represented by standard deviation on 
the diagram, is slightly lower than that of the ANNB, and for the CNN, it is lower 
than that of the ANN. The ability of RF to reproduce the magnitude of variations 
is even lower than these models (Figure S6). RF also yields a lower correlation 
coefficient and RMSD. This may be due to RF having too much freedom in the 
training process, which reduces its capability when used for predictions. The 
RTM has been extensively validated previously 4 based on empirical biogeo-
chemical data from multiple individual sites and based on a global dataset 
for OC burial efficiency. The RTM was further validated here against algebrai-
cally calculated global maps of Flux 0 POC (Figures 3 and S2). Therefore, our 
RTM is broadly reliable for generating data required for AI model training. Yet 
when the RTM is applied at the global scale, the RTM cannot be executed at 
a number of points in the global map due to numerical problems, leading to 
gaps in the global map (1,686 points reduced to 1,410 points at 5 ◦ × 5 ◦ resolu-

tion). Obtaining these 1,410 points required roughly 3 weeks of continuous 
execution of the numerical code for both successful and unsuccessful runs 
(45.4 h of CPU time for only successful runs on a computer with a 2.9–4.8 
GHz Core i9 CPU with 32 GB RAM) using the accurate and efficient numerical 
techniques incorporated in the code. 4 On the other hand, executing the AI em-
ulators at a resolution of 1 ◦ × 1 ◦ with 64,800 points, executed 1,000 times at 
each point to obtain the uncertainties related to the unknown parameter varia-
tions (totally, 64,800,000 executions), required only 33.2 h (for the case of Flux 0 
POC as an example, on a computer with Apple M3 Pro, 2.8–4.06 GHz 12-core 
CPU, 18-core GPU, and 18 GB of RAM). This large number of model executions 
would be unfeasible within a reasonable time and with the available resources 
for the RTM execution. Therefore, the use of the AI emulators is important not 
only in terms of practicality but also from efficiency and uncertainty analysis 
points of view.
To investigate the impact of resolution, we compared the globally integrated 

Flux 0 POC obtained using the ANNB emulator based on 5 ◦ × 5 ◦ and 1 ◦ × 1 ◦ grid 
sizes. We found that the calculated fluxes differ by 44%, 41%, and 38% between 
the two types of grids in the abyssal plain, margin, and shelf regions, respec-
tively. This illustrates how AI emulators can elevate the accuracy of global esti-
mates owing to the application of the model at a higher resolution. The esti-
mated POC fluxes at a resolution of 5 ◦ × 5 ◦ are lower for the shelf (232 Tg C 
yr − 1 ) and margin (181 Tg C yr − 1 ) regions and higher for the abyssal plain region 
(270 Tg C yr − 1 ) compared to those at the 1 ◦ × 1 ◦ resolution.
The emulators can be incorporated into a basic spreadsheet 33 or em-

ployed as simple functions in programming platforms such as MATLAB. 61 

This approach is robust because it can overcome conventional problems 
of the RTM, including computational demand, numerical difficulty, and de-
pendency on timestep, grid size, and boundary conditions. Further, the AI-
based emulators provide accuracy similar to, if not better than, the RTM, 
and they can also be used at greater resolution than the RTM. More impor-
tantly, dealing with unknown parameters of predictive models is a major 
classic issue that hinders RTM applications in soils and sediments at large 
scales. 29,33,62 The low computational requirement of AI-based emulators al-
lows for their repeated execution (e.g., 1,000 times at each point of the 
global grid at a resolution of 1 ◦ × 1 ◦ , conducted in the present study) to 
deal with unknown model parameters using a simple Monte Carlo tech-
nique. This also allows for the estimation of uncertainties resulting from 

random variation of the unknown parameters. The uncertainties resulting 
from the random variation of the unknown parameters appear to be minor, 
as shown in global maps (Figure S7), error bars of global values (Figure 6), 
and percentages of the predicted mean values (ranging from 0.0% to 11.4%; 
5.9% on average; Table S2). It should be noted that there could be observa-
tional errors and RTM structural uncertainties that are not reflected in our 
reported uncertainties. The structural uncertainties related to the AI emula-
tors are considered separately following Babakhani et al. 33 and are shown 
as error bars in the sensitivity analysis results provided in Figures S8– 
S10, revealing that such uncertainties are also generally negligible.
We incorporated four potentially valid and globally applicable empirical corre-

lations for input parameters, including the shape parameter of the gamma dis-
tribution, the bioturbation coefficient, the bio-irrigation coefficient, and the 
halving depth of the bioturbated zone from previous literature. 4,63–68 There 
might be other correlations for some of the other input parameters, including 
those recently conceptualized, 4 and the AI-based emulators presented in the 
current study can aid in developing future empirical correlations for the inputs. 
Like all numerical models, the RTM used in the current study for training and 

validation of the AI models bears assumptions that might not fully represent the 
natural conditions when applied at large scales, including the consideration of 
the upper and lower boundary conditions. This was potentially why, in some 
cases, the RTM generated negative fluxes for DIC at the sediment-water inter-
face, which we removed or replaced with a near-zero value in the dataset, re-
sulted in areas of the map showing no variation. More sophisticated boundary 
conditions that can consider global variation may be used with the RTM in the 
future when relevant global datasets become available. Our AI emulators can 
apparently handle this issue, as they show variation in regions where the 
RTM cannot.
We investigated the relationship between problem complexity (i.e., the num-

ber of sensitive parameters in the RTM; see supplemental materials and
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methods, sections S1 and S2), AI model complexity (i.e., the complexity in the 
structure of AI models represented by the number of the inherent unknown pa-
rameters of the AI algorithm known as hyperparameters), and the prediction ac-
curacy of AI algorithms (shown by NSE for the test datasets that are not used in 
training, with values closer to one showing better fit). The trend of model effi-
ciency versus the number of sensitive parameters (Figure S11) reveals that 
with increasing problem complexity (i.e., the number of sensitive parameters 
in DOC cycling), the model efficiency of the AI algorithm fits to test data de-
creases steadily for all AI models except for the CNN, which is almost constant 
or increases slightly. In other words, the prediction power of AI algorithms 
generally declines with increasing problem complexity except for CNNs, and 
this decline is most pronounced for the RF algorithm (Figure S11C).
The trends in NSE with the number of AI model hyperparameters that could 

be reliably interpreted for the ANN and ANNB models (Figure S12) show that 
with an increasing number of hyperparameters, model efficiency decreases 
for both. As AI model complexity increases (number of hyperparameters), the 
prediction power of the models decreases, indicating that the principle of parsi-
mony, known as Occam’s razor principle, holds for AI models. This principle sug-
gests that simpler models should be preferred when all other factors are 
equal. 34 The applicability of this principle to AI models has been 
debated. 35–38,69,70 It has been argued that this principle is central in AI modeling, 
especially for deep-learning neural networks and Bayesian models, 35–38 

whereas others argue against the usefulness of Occam’s razor for AI 
models. 69,70 Furthermore, simpler models are easier to interpret and computa-
tionally more efficient. 71 Considering these opposing views, a key question is 
why deep-learning models that have a much more complex structure and a 
larger number of assumptions and parameters show a marked ability to 
make accurate quantifications in recent years. 37 Our results show that while 
the overall predictive power of the deep-learning model (CNN) is similar to or 
lower than that of basic ANN for simpler problems (Figures S11D versus S6A 
and S6B), the predictive power of deep learning does not decrease with 
increasing the complexity of the problem (Figure S11D). Therefore, Occam’s ra-
zor principle holds from a general perspective, whereby more complex models 
are useful for more complex problems but not for simpler problems. Therefore, 
despite the general belief that more advanced AI algorithms outperform older 
techniques, here we show that simpler or more conventional algorithms, such 
as the basic ANN with Bayesian optimization, provide better predictions than 
more advanced deep-learning models such as CNNs. This has important impli-
cations for future studies applying AI techniques to Earth and environmental 
modeling, and the accuracy of simpler techniques should be compared with 
more advanced AI algorithms. While the predictive power of AI models generally 
decreases with ANN or ANNB model complexity (Figure S12), the model effi-
ciency values for all cases for the training set are still >0.9 and >0.7 for the 
test set (except one case, which was >0.6), suggesting that the selected AI em-
ulators are all good or satisfactory for prediction. 72,73 Although different outputs 
have different levels of complexity and thus require AI emulators with different 
numbers of hidden-layer neurons, all AI emulators are nonetheless useful for 
predictions at the global scale or at smaller scales since the emulators were 
trained on RTM-generated data that cover a broad range of natural conditions. 4

CONCLUSION
The best AI algorithm for emulating numerical models of DOC cycling in 

global ocean sediments (RTM) is the ANNB, pointing to the importance of 
simplicity in the model structure compared to the more complex deep-learning 
CNN. Emulating the RTM may lead to better quantification and understanding 
of carbon budgets, present and past climate dynamics, and long-term implica-
tions for potential ocean-based carbon dioxide removal technologies. 21,74,75 It 
may also be applicable for determining fluxes and rates of processes on Earth 
and other planets, where unknown parameters and computational expenses 
preclude robust predictions. 62 This approach enabled quantification of DOC 
fluxes and preservation rates in global ocean sediments as an important but 
so far largely ignored aspect of the carbon cycle on Earth. Our best emulators 
for the nine predicted outputs are available online as empirical functions along 
with our computer codes. These can be directly used within Earth system 

models such as SCION, 76 as they are suitable for the low computational work-
flow, while they are deemed to provide higher accuracy than previous empirical 
models. These emulators may also be used in ocean biogeochemical models

such as the PISCES modeling platform 77 as dynamic calculators of the fluxes 
across the marine sediment-water column interface. Our study provides novel 
insight into DOC cycling between marine sediments and seawater at the global 
scale. We predict that approximately 11% of POC deposited on the seafloor is 
returned to seawater as DOC, whereas 24% becomes sorbed to sedimentary 
minerals after hydrolysis and/or geopolymerization, forming mineral-phase 
DOC (MOC). We predict that MOC accounts for around 50% of the total solid-
phase OC in sediments (to a 1 m depth) globally, compared to 21.5% for 
MOC associated with only iron minerals, 2 pointing to the importance of other 
mineral phases and mineralogical processes for OC preservation in addition 
to the established “rusty carbon sink.” Further, we highlight the importance of 
the abyssal plain in DOC cycling, previously believed to be unimportant.
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