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Abstract. Marine calcifying phytoplankton known as coccolithophores are a key part of the ocean carbon cycling, contributing

to both the export of organic matter via the biological pump and the establishment of the vertical seawater alkalinity gradient

known as a the carbonate counter pump. As dominate producers of calcium carbonate production, the rate at which coccol-

ithophores produce calcium carbonate, determines the magnitude of the carbonate counter pump, and is sensitive to future

changes in temperature, pH, and nutrient and light availability. Our understanding of spatiotemporal distributions of calcium5

carbonate production is limited, as measuring calcium carbonate production at sea is labour-intensive, and currently biased

both seasonally and spatially. Here we leverage novel machine learning techniques to predict calcium carbonate production

on a global scale to a depth of 200m, providing resolution with depth that has not been possible for previous remote sensing

based approaches. We find a global integrated annual production of 1.23 Pg C yr−1 [0.78-1.71], with the majority (59%) oc-

curring in the subtropical gyres, challenging the dominance of more-often studied high latitude bloom regions. Our model also10

shows 18% of global annual CP occurring below the euphotic zone. Our results highlight the need for additional sampling and

process studies in the subtropical gyres and at low lights levels/deep in the water column in particular to further constrain our

understanding of the ocean carbonate cycle.

1 Introduction

Calcium carbonate (CaCO3) is an integral component of the global carbon cycle. In the surface ocean, CaCO3 production15

produces CO2, resulting in a decreased ocean CO2 uptake capacity on short timescales (Robertson et al., 1994). In marine sed-

iments, CaCO3 can buffer changes in atmospheric carbon dioxide (CO2) via dissolution on thousand-year timescales (Archer

et al., 1998; Broecker and Takahashi, 1977). Thus, changes in the production, export and burial of CaCO3 impact atmospheric

CO2 on both long and short timescales.

Coccolithophores are photosynthetic plankton that form calcium carbonate platelets called coccoliths. Surface calcium car-20

bonate production by coccolithophores generates a calcium carbonate driven vertical gradient in seawater alkalinity which
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influences air-sea CO2 uptake, known as the carbonate counter pump (Neukermans et al., 2023). Particulate calcium carbonate

may impact the biological carbon pump via ballasting (Ziveri et al., 2007). The process of calcification may also be sensitive

to changing light, temperature, nutrients, and ocean acidification, providing a feedback on ocean carbon uptake in a changing

climate (Beaufort et al., 2011; Krumhardt et al., 2019; Gafar et al., 2019; Kottmeier et al., 2022).25

Previous estimates of global coccolithophore calcium carbonate production (CP) have come from two primary methods:

basin-scale extrapolation or remote sensing algorithms. Satellites provide much needed spatiotemporal estimates of CP, but

involve many levels of assumptions in order to derive CP from remote sensing reflectance. Satellite CP algorithms rely on

multiple satellite-derived products, including PIC, chlorophyll-a, and sea-surface temperature (SST), which each have their

own required assumptions and associated errors. The two-band PIC algorithm is the most uncertain of these products, as it30

relies on absolute water-leaving radiances, rather than ratios between radiances like other products, and is therefore more

susceptible to error in atmospheric correction (Balch et al., 2005). Additionally, the remote sensing reflectance properties used

for estimating PIC are based primary on the optical properties of the cosmopolitan coccolithophore Gephyrocapsa huxleyi.

However, the work by de Vries et al. (2025b), which modeled the carbon stocks of top 58 most abundant coccolithophore

species found that G. huxleyi only accounted for 7% of global integrated coccolithophore inorganic carbon stocks with large35

and heavily calcifying coccolithophores dominating the stock. Additionally, PIC from satellites includes detached coccoliths

(Balch and Mitchell, 2023; Neukermans et al., 2023) which can make substantial contributions to PIC concentrations in the

ocean (de Vries et al., 2025b). These assumptions could result in biases in both the distribution and magnitude of CP estimated

from space.

The first satellite algorithm from Balch et al. (2007) estimated CP using an empirical relationship derived from in situ 14C CP40

rate observations. Specifically, they derived a least-squares multiple linear regression relating CP to sample depth, particulate

inorganic carbon (PIC) concentration, chlorophyll-a, day length, and temperature. Balch et al. (2007) then used MODIS-

Terra monthly products for PIC, chlorophyll-a, and SST to predict CP globally, which they then integrated to the depth of

the euphotic zone (Zeu) (also derived from the satellite chlorophyll-a product following Morel (1988)) assuming a constant

calcium carbonate production rate throughout the euphotic zone. Balch et al. (2007) derived uncertainty estimates from the45

error of satellite-derived chlorophyll from O’Reilly et al. (1998) which propagates through the Morel (1988) Zeu calculation.

They then also assume an error on the calcification estimates of 10% based on potential atmospheric-related errors, resulting

in a total error of approximately ± 20.5% for a total global calcium carbonate production of 1.6 ± 0.3 Pg C yr−1 . Hopkins

and Balch (2018) estimated surface CP rates from satellite-derived particulate inorganic carbon coupled with a phytoplankton

growth model. This approach is based on the carbon-based productivity model of Behrenfeld et al. (2005), which derives net50

primary production from carbon concentration, growth rate, euphotic zone depth, and an irradiance function. Hopkins and

Balch (2018) modified this model to predict CP rates as a function of particulate inorganic carbon (PIC) concentration, a

coccolithophore-specific growth rate function, irradiance, and depth. They assumed that the growth rate function is dependent

on temperature and light without nutrient limitation, and that CP decreases with light availability through the water column.

Additionally, they assumed that coccolithophores, primarily G. huxleyi, dominate the satellite PIC signals. When integrating to55

the depth of the euphotic zone, they assume a Beer’s law-type relationship such that CP will decay with light, using the diffuse
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attenuation coefficient at 490 nm (Kd490) from satellite measurements. They then applied this function to Aqua MODIS

products for SST, PIC, PAR, and Kd490, giving a global calcium carbonate production estimate of 1.42 ± 1.69 Pg C yr−1 . It

is not mentioned how their error was estimated.

Some field campaigns that have measure CP have attempted to estimate globally integrated production by calculating the60

ratio of CP by coccolithophores to net primary production (PP) in each sample (both measured using 14C techniques). They

then calculate a mean CP/PP ratio, which is then multiplied by an estimate of global PP to approximate global CP. Estimates

attributed to Poulton et al. (2006) by Berelson et al. (2007) used this method, which resulted in ratio of 0.06 mol mol−1

CP/PP multiplied by an estimated primary production of 50 Pg C yr−1 , giving a global annual calcium carbonate production

of 3.0 Pg C yr−1 . In Maranón et al. (2016), data is compiled from the global Malaspina expedition, which consisted of seven65

transects circumnavigating the tropical and subtropical ocean. Calcium carbonate production and primary production rates

were measured using the 14C-uptake and microdiffusion technique (MDT). They calculated a CP/PP ratio of 0.05 ± 0.04 mol

mol−1 and a global primary production estimate of 48.5 Pg C yr−1 from Field et al. (1998) to extrapolate a global calcium

carbonate production of 2.4 Pg C yr−1 . Daniels et al. (2018) follows the same assumptions as Maranón et al. (2016), but with

a global compilation of calcium carbonate production rates. They calculate a geometric mean CP/PP ratio of 0.02 mol mol−170

and use a global primary production of 50 Pg C yr−1 for a global CP estimate of 1.0 Pg C yr−1 .

One slightly different approach from Ziveri et al. (2023) measured the calcium carbonate content of living pelagic calci-

fiers, including coccolithophores, foraminifera, pteropods, and heteropods in the North Pacific. They then used the estimated

turnover time for each group from a compilation of laboratory experiments to calculate an approximate calcium carbonate pro-

duction rate which they extrapolate globally under the assumption that the low calcium carbonate stock region they sampled is75

representative of 87% of the global ocean, which gave a global calcium carbonate production of 2.6 Pg C yr−1 for the calcifier

community sampled, 67–97% of which they expected to be from coccolithophores due to their shorter turnover time compared

to other calcifying groups.

In situ measurements are too sparse for traditional linear data interpolation methods, with strong seasonal and regional

biases (Daniels et al., 2018). Extrapolation from basin scale estimates does not cover the spatial or temporal variability in80

CP. This method is subject to bias from sampling location and time, as CP is typically only measured during cruises where

CP is expected to be occurring, as it is a very intensive measurement to make due to the requirement to add 5-10 times

more 14C than is needed to measure primary production to overcome the 20 to 50-fold difference in their absolute rates

(Daniels et al., 2018). Extrapolating from these measurements is likely to then overestimate global CP as it would miss the

biogeography and seasonality of coccolithophore growth. Additionally, these measurements only give a singular integrated total85

estimate, and lack the spatial context needed to constrain processes based models. The spatial patterns of calcite production

are important to capture as calcite production impacts air-sea CO2 flux by altering the carbonate system equilibrium (Shutler

et al., 2013; Iglesias-Rodríguez et al., 2002). For example, during calcification, 40% more CO2 is released in polar vs tropical

surface waters as the amount of CO2 released per mol of calcium carbonate produced increases in colder waters (Smith, 2013;

Smith and Gattuso, 2011). Where these calcium carbonate is produced within the water column also determines how long the90

carbon remains out of contact from the atmosphere (Tamsitt et al., 2017; DeVries and Primeau, 2011). The spatial patterns of

3

https://doi.org/10.5194/egusphere-2026-6172
Preprint. Discussion started: 12 October 2026
c© Author(s) 2026. CC BY 4.0 License.



calcium carbonate production have first order impacts on the carbonate counter pump. Therefore, it is important to resolve the

spatiotemporal patterns of CP to properly capture the feedback with air-sea CO2 flux in future climate projections.

We produce a new estimate for global calcium carbonate production by coccolithophores using in situ measurements that

is spatially, temporally, and depth resolved, providing new insights into regions of calcium carbonate production that have95

previously been overlooked. We use a machine learning model ensemble that predicts calcium carbonate production based on

learned relationships between the in situ measurements and globally-resolved environmental predictors. Our model leverages

the in situ measurements from Marsh et al. (2025), which provides expanded spatio-temporal coverage from Daniels et al.

(2018). With our model we are able to explicitly resolve coccolithophore calcium carbonate production below the surface

layer of the ocean without assuming an explicitly defined relationship with light that has been used for previous satellite100

estimates. To our knowledge, our estimate is the first globally integrated coccolithophore CP estimate derived directly from in

situ measurements, rather than from basin-scale extrapolations or modeling CP from satellite remote sensing.

2 Methods

We determined the global patterns of calcium carbonate production (CP) by coccolithophores by interpolating sparse global CP

observations using an ensemble of machine learning models. Compared with linear interpolation approaches, such as multiple105

linear regression (MLR), machine learning methods can capture non-linear relationships between the training and predictor

data, thereby improving model performance in global ocean studies (Weber et al., 2019; Liu et al., 2021). Our model ensemble

was trained to predict coccolithophore calcium carbonate production rates using the observational dataset of Marsh et al.

(2025), together with globally depth-resolved monthly climatologies of environmental predictors. This approach allows us to

reconstruct a globally depth-resolved monthly climatology of coccolithophore calcium carbonate production.110

2.1 Calcium carbonate production data

The Marsh et al. (2025) dataset contains 3,160 observations of in situ measurements of CP rates ( µmol C m−3 d−1 ) over a

depth range of 0–193 m (Fig. 1). We implemented additional quality control steps. First, we only used measurements made

using the 14C micro-diffusion technique (MDT), as this is the preferred method to measure CP and overcomes limitations of

the other two methods (14C difference (Diff) and 45Ca isotope) (remaining n = 2,922) (Daniels et al., 2018). Additionally,115

for data that included measurements of G. huxleyi cell counts (cells mL−1), we removed observations where the estimated

daily cell-specific calcium carbonate production exceeded a theoretical maximum for G. huxleyi (≈ 3 pmol C cell−1 d−1,

see discussions in Poulton et al. (2010) and Daniels et al. (2018), implemented here at a conservative 3.5 pmol C cell−1 d−1

cutoff).

The CP dataset was gridded onto a monthly, global 1-degree grid with 5-meter depth resolution for the top 200 meters to120

pair with the environmental predictor fields used for model training. For grid cells with multiple observations, we used the

mean value. This gridding reduced the dataset to 1,896 observations. Observations without corresponding environmental data
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Figure 1. Global distribution of calcium carbonate production (CP) observations from Marsh et al. (2025). (a) Spatial distribution of CP rate

measurements for the full depth domain (0-200 m). Units are in µmol C m−3 d−1 . (b) Depth-time distribution of CP rate measurements. The

time X-axis is shown as months since winter solstice to account for hemispheric differences in sampling seasons. The top X-axis and right

Y-axis are histograms showing sample frequency.

were subsequently excluded, reducing the number of valid points to 1,858, indicating the limited environmental data coverage

in high latitudes, marginal seas, and coastal regions.

A key limitation of the CP dataset is the lack of zero-value observations. This is due to inherent sampling bias as cruises125

that take these measurements are typically completed in seasons and regions where calcium carbonate production is expected

(Daniels et al., 2018). Consequently, the predictive model is not explicitly trained to predict zero CP. This is a common problem

in the field of species distribution modeling, where presences are recorded, but not absences (Barbet-Massin et al., 2012). To

address this limitation, we introduced pseudo-zero observations within the dataset. While calcification has been observed

under dark conditions in short-term incubation studies (see Paasche (2001) and references therein), the processes involved130

are energy intensive and must be sustained by respiration in the absence of light (Riebesell et al., 2000; Zondervan et al.,

2001, 2002). We thereby assumed that CP by coccolithophores is close to zero when light is extremely limiting. We used a

photosynthetically active radiation (PAR) database to identify depths where PAR falls below a very conservative threshold of
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0.01% of the surface value. Pseudo-zero observations were then introduced below this depth using a 1:1 ratio of pseudo-zeros

to observed CP values (Barbet-Massin et al., 2012). Barbet-Massin et al. (2012) recommend a ratio of 1:1 "pseudo-absences"135

to available "presences", in this case observed measurements of calcium carbonate production, with their locations informed

by environmental conditions for machine-learning techniques in species distribution modeling. To evaluate this decision, we

conducted ensemble runs with observations to pseudo-zero ratios ranging from 1:0 to 1:10, in increments of 1. We calculated

summary statistics and total annual CP for each ensemble simulation. With increasing pseudo-zeros, the total annual CP

decreases. At a ratio of 1:1, the total annual CP converged to an asymptote within the error range of a subsequent pseudo-zero140

addition, and thus was chosen.

2.2 Environmental predictors

We used a variety of physical, chemical and biological variables as environmental predictors for our model, including mixed-

layer depth (MLD), temperature, nutrients (nitrate, phosphate, silicate), oxygen, carbonate chemistry (dissolved inorganic

carbon and total alkalinity), and photosynthetically active radiation (PAR). These predictors were chosen as they relate to145

nutrient and light supply for photosynthesis and carbonate chemistry, which impacts the kinetics of calcification, or represent

competition with other marine phytoplankton (in the case of silicate for diatoms) (Zondervan, 2007; Durak et al., 2016).

All predictors were regridded onto the same 1-degree, 0–200 m, monthly grid used for CP observations using the XESMF

conservative interpolation algorithm (Zhuang et al., 2023). For non-depth resolved variables such as MLD, surface values were

repeated for each depth level.150

MLD comes from the Mixed Layer Depth Climatology dataset, compiled from the ARGO program and the NCEI-NOAA

World Ocean Database (de Boyer Montégut, 2023; de Boyer Montégut et al., 2004). Temperature, oxygen, and nutrients come

from the World Ocean Atlas 2018 (Locarnini et al., 2018; Garcia et al., 2019b, a), while dissolved inorganic carbon (DIC) and

total alkalinity (TA) come from NNGv2 (Broullón et al., 2020). PAR comes from a depth-resolved gridded climatology, where

missing remote sensing values were filled using the Environmental String Model (Castant et al., 2024).155

We explored using remote sensing predictors from the Aqua MODIS sensor, specifically the reflectance bands Rrs_547

and Rrs_667, which are used to derive particulate inorganic carbon concentrations (Mitchell et al., 2017), and the derived

chlorophyll-a product (NASA Ocean Biology Processing Group, 2022a, b). However, we found that including these predictors

made the model too sensitive to artifacts in shallow regions leading to single pixel anomalous values and did not substantially

improve overall model performance. We thus decided to omit them from the final model predictors.160

2.3 Machine learning ensemble

To predict calcium carbonate production, we used the Aquatic Biogeochemical Interpolation Library (ABIL.PY), an ensemble

of machine learning algorithms as implemented in de Vries et al. (2025c). The models used in the ensemble consist of Extreme

Gradient Boosting (XGB), bagged K-Nearest Neighbors (bKNN), and Random Forests (RF), the last two from SCIKIT-LEARN

(Chen and Guestrin, 2016; Pedregosa et al., 2011). The models are trained using paired CP observations and their local predic-165

tors, and then projected back onto the fully resolved predictor grid. To avoid overfitting, we applied 10-fold cross-validation,
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where 90% of the data was used for training and 10% for validation, repeated 10 times over the entire dataset. The hyperpa-

rameters for each model were optimized using GRIDSEARCHCV to maximize R2. The optimized parameters are reported in

Appendix A (Add). Model performance was assessed with and without log transformation of the CP data during training, with

the log-transformed model performing better, and therefore adopted for the final prediction.170

2.4 Model performance

The ensemble validation (out-of-sample) R2 was 0.352, the relative root mean square error (RMSE) was 1.02, and the relative

mean absolute error (MAE) was 0.158. For the complete dataset, the logged ensemble output vs. observed values R2 was 0.93,

the r was 0.99, the RMSE was 105.7 µmol C m−3 d−1 and the mean residual was 10.7 µmol C m−3 d−1 (Fig. S1).

2.5 Uncertainty quantification175

To estimate ensemble uncertainty, individual predictions within each model (RF, bKNN, and XGB) were used to infer 95th

percentile confidence intervals. This an inherent capability for RF (decision trees) and bKNN (bags), but not XGB, which we

rectified by adding a bagging step. This provides us with an uncertainty quantification for each model, which we then combine

to calculate the 95th percentiles using loss-weighted quantiles (de Vries et al., 2025c).

2.6 Superbiomes180

For regional analysis, we used the Fay and McKinley (2014) mean biomes, which provide 17 physical, biologically defined

regions, separated by ocean basin. These biomes were derived from their sea ice fraction, sea surface temperature, chlorophyll-

a concentration, and maximum mixed-layer depth. To support our interpretation of the results, we merged these regions into 5

superbiomes: ’ice’, ’subpolar seasonally stratified’, ’subtropical seasonally stratified’, ’subtropical permanently stratified’, and

’equatorial’.185

For each superbiome, we calculated the percentage contribution to the globally integrated total CP using sample reconstruc-

tion with the 95th percentile predictions. We used the percent contribution for each biome from the 2.5 and 97.5 percentile

predictions to approximate gamma distributions, and then sampled 10,000 values within that distribution to then estimate the

mean, standard deviation and 95th percentile range for each biome’s contribution to the global integrated CP. The same was

done with each biome’s mean annual CP (for the 2.5 and 97.5 percentile predictions) and mean cellular inorganic carbon con-190

tent (from de Vries et al. (2025b, a)), to determine biome-specific turnover rates. This method was also used for the euphotic

zone estimates, where each zone, as defined through floral analysis by Poulton et al. (2017), upper euphotic (10–100% surface

irradiance), lower euphotic(1–10% surface irradiance), and sub-euphotic (< 1% surface irradiance) was treated as a "biome."
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Figure 2. Estimates of global calcium carbonate production by coccolithophores ( Pg C yr−1 ). Previous estimates include satellite-based

algorithms (light gray) (Balch et al., 2007; Hopkins and Balch, 2018; Toullec, 2026) and extrapolations from in situ measurements (dark

gray) (Poulton et al., 2006; Maranón et al., 2016; Daniels et al., 2018; Ziveri et al., 2023; de Vries et al., 2025b). Note that each method’s

estimate’s error bars are calculated differently and are therefore not inherently comparable. Estimates with standard deviations were converted

to 95% confidence intervals.

3 Results and discussion

3.1 Global integrated calcium carbonate production by coccolithophores195

Our model predicts a global annual calcium carbonate production (CP) by coccolithophores of 1.23 Pg C yr−1 [0.78, 1.71],

consistent with previous estimates derived from extrapolated sparse datasets and satellite products (1.0–3.0 Pg C yr−1 , Fig. 2).

Estimates from Balch et al. (2007), Hopkins and Balch (2018), Toullec (2026) are derived from satellite-based algorithms,

while those from Poulton et al. (2006), Maranón et al. (2016), Daniels et al. (2018), Ziveri et al. (2023), and de Vries et al.

(2025b) rely on sparse in situ measurements of calcium carbonate stocks or production rates, extrapolated globally.200

3.2 Regional and seasonal surface distributions

Looking first at surface rates, our model predicts strong spatial and seasonal variability in surface calcium carbonate production

(CP) as expected, with peak rates (>60 µmol C m−3 d−1 ) in the high latitudes during MAM (March, April, May) and JJA

(June, July, August) in the Icelandic Basin and Gulf Stream in the North Atlantic as well as in the Gulf of Alaska in the
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North Pacific (Fig. 3a–d). Production then shifts to the Southern Ocean during SON (September, October, November) and DJF205

(December, January, February), with particularly high rates along the Patagonian shelf and throughout the Great Calcite Belt, a

region of high particulate inorganic carbon concentrations around the Southern Ocean previously observed via satellites (Balch

et al., 2005). Upwelling regions in the Equatorial Pacific, Arabian Sea, Bay of Bengal, and Atlantic eastern boundary currents

sustain year-round moderate production (≈ 30 µmol C m−3 d−1 ). The subtropical gyres and Arctic and Southern Oceans have

relatively low year-round production (< 15 µmol C m−3 d−1 ).210

3.3 Depth distributions

Below the surface, calcium carbonate production decreases with depth. Overall, zonal mean annual production is highest at the

surface and decreases with depth (Fig. 3e). The highest zonal mean CP values are found at the surface in the northern high lati-

tudes (40-60°N) (> 30 µmol C m−3 d−1 ), dropping below 2.5 µmol C m−3 d−1 by 75 m. Production is > 15 µmol C m−3 d−1 in

the Equatorial region (10°S - 10°N) and the Great Calcite Belt (45°S), dropping blow 2.5 µmol C m−3 d−1 by 105 m and 80 m,215

respectively. In contrast, the subtropical gyres (25°N/S) have rates near 10 µmol C m−3 d−1 in the surface that remains above

2.5 µmol C m−3 d−1 until around 150 m, persisting more than 25 m below the euphotic zone.

The attenuation of CP with depth can be viewed spatially as well (Fig. 3f). Consistent with the zonal mean patterns, CP

attenuates rapidly with depth in the high latitudes and equatorial regions, reaching < 1% of its surface values by 100 m or

shallower. In the subtropical gyres, however, attenuation is weaker, with >1% surface production persisting throughout the220

top 200 m. As such, regions that are highly productive tend to attenuate faster with depth, while regions of lower production

attenuate slower with depth.

3.4 Seasonal variability by superbiome

Calcium carbonate production varies strongly throughout the year. The strong seasonality at high latitudes is reflected in

the monthly superbiome mean upper euphotic zone CP rates (Fig. 4). The strongest seasonality is seen in the subpolar (SP)225

superbiome, where the difference between the summer maximum and winter minimum CP is 16.1 µmol C m−3 d−1 . This is

followed by the subtropical seasonally stratified (STSS) superbiome, with a range of 10.2 µmol C m−3 d−1 , and the ice-covered

(ICE) superbiome, with a range of ≈ 4.2 µmol C m−3 d−1 . The subtropical permanently stratified (STPS) and equatorial

(EQU) superbiomes are less seasonal, with ranges of 1.8 µmol C m−3 d−1 and 1.2 µmol C m−3 d−1 , respectively.

3.5 Subtropical regions dominate global coccolithophore calcium carbonate production230

Due to deeper production and lower seasonality in the low latitudes, the highest depth-integrated production rates occur in the

subpolar North Pacific, subpolar North Atlantic, and subtropical South Pacific gyres, exceeding 500 mmol C m−2 yr−1 (Fig. 5a).

The Great Calcite Belt is not as strongly present as in the surface fields, with only small areas exceeding 300 mmol C m−2 yr−1 off

the southwest coast of South America and the southwest coast of Australia.
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Figure 3. Coccolithophore calcium carbonate production (CP) predicted by machine learning ensemble. Panels (a, b, c, d) show surface

seasonal mean CP (0–10 m; µmol C m−3 d−1 ). Panel (e) shows zonal mean calcite production, with contours at 2.5 µmol C m−3 d−1 and

overlaid solid white and dashed white lines showing the depth where PAR reaches 10% surface irradiance and 1% surface irradiance,

respectively. Panel (f) shows the depth at which calcite production reaches 1% of the surface value.
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Figure 4. Monthly mean calcium carbonate production rates by biome for the upper euphotic zone (>10% surface irradiance). Hemispheres

have been joined by months since winter solstice. Biomes are adapted from Fay and McKinley (2014). Units are in µmolCm−3 d−1.
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Within the upper euphotic zone, the equatorial (EQU) superbiome has the highest mean rate (13.7 µmol C m−3 d−1 [9.8,235

18.6]), followed by the subtropical seasonally stratified (STSS) superbiome (11.3 µmol C m−3 d−1 [6.1, 18.7]) and the subpolar

(SP) and subtropical permanently stratified (STPS) superbiomes (10.4 µmol C m−3 d−1 [5.6, 17.2] and 9.0 µmol C m−3 d−1 [6.2,

12.7], respectively) (Fig. 5b). While the SP superbiome has the highest seasonal productivity (21.3 µmol C m−3 d−1 [14.5,

29.2] in summer), its strong seasonality results in lower mean annual integrated production (5.5 µmol C m−3 d−1 [0.29, 15.1])

compared to the more weakly seasonal STPS, STSS and EQU superbiomes, leading to higher mean rates in these biomes240

(5.2 µmol C m−3 d−1 [1.0, 11.6], 5.5 µmol C m−3 d−1 [0.4, 16.5], and 7.2 µmol C m−3 d−1 [0.8, 17.2], respectively, Figs. 4,

5b). When integrated over their volume and for the entire year, the STPS superbiome dominates global CP, contributing 59.0%

[46.0, 70.3] of the total (with 29.2% [21.5, 37.6], 17.5% [11.9, 24.4], 12.1% [6.7, 19.1] from the Upper, Lower, and Sub

Euphotic Zones, respectively). The SP, EQU, and STSS regions each contribute about 12-14% globally (Fig. 5c).

3.6 Differences in resolving calcite production with depth compared to satellites245

A key advantage of our model is its ability to explicitly predict production at depths up to 200 m, rather than relying on an

assumed exponential decay profile as is commonly done in satellite-based estimates, where the depth resolution is restricted to

the first optical depth (< 40 m) (Hopkins and Balch, 2018). To directly compare these approaches, we prescribed CP using our

model surface calcium carbonate production (depth = 0 m), restricted to the domain of the monthly climatology of the diffuse

attenuation of light at 490 nm (Kd490), and then calculated the production at depth for each level following Hopkins and250

Balch (2018) (Figure 6a). The global mean vertical profile shows that assuming decay with Kd490 results in a rapid production

decline with depth, reaching values < 1 µmol C m−3 d−1 by 75 m, compared to 135 m for our model. These differences in

vertical attenuation vary spatially (Fig. 6b). Overall, our model predicts a deeper global depth at which CP reaches 1% of its

surface value compared to the Kd490-based decay used in Hopkins and Balch (2018), with the largest differences in coastal

regions, upwelling regions, and the high latitudes (Fig. 6b). Assuming a Kd490 attenuation results in a 61% lower estimate255

of global annual calcium carbonate production (0.48 Pg C yr−1 vs. 1.24 Pg C yr−1 ), highlighting the importance of explicitly

resolving calcium carbonate production with depth.

3.6.1 Calcium carbonate production in the sub euphotic zone

We predict 18.4% [9.2, 30.8] of the global annual CP occurs below the euphotic zone (PAR < 1%). Median CP rates are

much lower here (1.08 µmol C m−3 d−1 [0.5, 2.0]). The sub euphotic zone is often occupied by low-light adapted species260

such as F. profunda and G. flabellatus, which have been observed at depths below 1% and even deeper than 0.1% surface

PAR (Poulton et al., 2017). For F. profunda in particular, their distributions are found primarily in the subtropical and tropical

regions, where they maintain inorganic carbon stocks year-round with little seasonality, while also comprising 6.7% [2.3, 13.2]

of the global cellular PIC stock, similar to that of G. huxleyi (7%) (de Vries et al., 2025b). F. profunda is heavily calcified, with

a median cellular PIC:POC ratio (mol mol−1) of 4.86 [4.82, 4.9] (de Vries et al., 2024). These sub euphotic zone species may265

be mixotrophic, potentially supporting their growth and calcification costs via ingestion of bacteria, small picoplankton and/or
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Figure 5. Coccolithophore depth-integrated annual calcium carbonate production (CP) predicted by the machine learning ensemble. (a) An-

nual depth-integrated CP (0-200 m; mmol C m−2 yr−1 ). Contour line shows 250 mmol C m−2 yr−1 intervals. (b) Spatiotemporal mean CP

by photic zone and superbiome. (c) Percent contribution of each photic zone and superbiome to global integrated annual CP. (d) Distribution

of the superbiomes adapted from Fay and McKinley (2014). Global spatiotemporal mean and integrated contributions for each superbiome

for all PAR values are shown, followed by the photic zones, which are derived from PAR, where PAR > 10 % of the surface is the Upper

Euphotic Zone, 10 % > PAR > 1% of the surface is the Lower Euphotic Zone, and PAR < 1% of the surface is the Sub Euphotic Zone

(Poulton et al., 2017).
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Figure 6. Comparison of calcium carbonate production (CP) depth profiles between depth-resolved machine learning product and prescribed

satellite-based decay. a) Mean global CP at each depth level for our model (blue), and how the model would predict using Hopkins and Balch

(2018) methodology. The difference in surface values reflects the exclusion of lower values in the high latitudes which are lost when the

surface prediction is restricted to the satellite domain, leading to a higher mean value at the surface for the H&B methodology. (b) Spatial

difference in the depth at which CP reaches 1% of its surface value for our model compared to following the Hopkins and Balch (2018)

methodology. Negative values indicate that the Hopkins and Balch (2018) 1% depth is shallower than our fully depth-resolved model.

dissolved organic matter (Poulton et al., 2017). By maintaining their heavily calcified shells year-round, these species could

potentially contribute substantially to global annual CP and inorganic carbon export.

3.7 Coccolithophore inorganic carbon turnover rate

The turnover rate is the frequency at which calcium carbonate is replaced per unit time (or the inverse of turnover time),270

where a higher value indicates faster cycling. We calculated calcium carbonate turnover rates for each euphotic region within

the superbiomes by combining our calcium carbonate production fields with coccolithophore inorganic carbon stocks derived

from de Vries et al. (2025b) (Fig. 7). de Vries et al. (2025b) applied a similar machine learning approach to predict total living

cell-specific inorganic carbon content associated with living coccolithophore species. Resulting global median turnover rates

range from 0.21 to 1.00 d−1, comparable to previous estimates of total (not living cell-specific) PIC turnover rates using in situ275

data (0.02-0.4 d−1) (Poulton et al., 2006; Maranón et al., 2016) as well as coccolithophore cell-normalized growth rates (0.42 -

1.4 d−1) (Krumhardt et al., 2019). Interestingly, based on superbiome trends, mean inorganic carbon stocks (CIC) (Fig. 7a) are

highest in the subtropical seasonally stratified and subpolar superbiomes, while CP is highest in the equatorial and subtropical

permanently stratified superbiomes (Fig. 5b). As a result, turnover rate follows the same pattern as CP, with the highest turnover

rates in the equatorial superbiome, declining poleward with each subsequent superbiome. Across all superbiomes, turnover rate280

decreases with depth through the euphotic zone. However, turnover rates in the EQU superbiome remain high even in the Sub
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Figure 7. (a) Coccolithophore inorganic carbon stock from de Vries et al. (2025a) and (b) calcium carbonate turnover rates for each photic

region and superbiome based on Fay and McKinley (2014). Global spatiotemporal mean and turnover rates for each superbiome for all PAR

values are shown, followed by the photic zones, which are derived from PAR, where PAR > 10 % of the surface is the Upper Euphotic Zone,

10 % > PAR > 1% of the surface is the Lower Euphotic Zone, and PAR < 1% of the surface is the Sub Euphotic Zone. Turnover rates are

derived using the biome mean calcium carbonate production from this study (Fig. 5b) and the biome mean coccolithophore inorganic carbon

stock from de Vries et al. (2025b).

Euphotic Zone, with a median turnover rate of 0.55 d−1, more than double the Upper Euphotic Zone turnover rates for the

STSS, SP, and ICE superbiomes (0.22, 0.24, and 0.21 d−1 respectively).

Many studies have used coccolithophore turnover times (0.7-10 d, 0.1-1.5 cell divisions d−1) (Krumhardt et al., 2019; Ziveri

et al., 2023; Han et al., 2025) to derive calcification rates from coccolithophore standing stocks, assuming that coccolithophore285

growth rate is equal to the calcium carbonate turnover rate. This leverages the assumption that PIC/POC ratios are stable

over the the growth cycle, which is often unstated. However, PIC/POC ratios are not static, and vary during the growth cycle

(Kottmeier et al., 2020). Globally, PIC/POC ratios (specifically coccolithophore cellular carbon instead of particulate carbon

that often includes detached coccoliths) are spatially heterogeneous, with elevated ratios (> 1.5) in subpolar and deep subtrop-

ical regions associated with heavily calcified species such as C. pelagicus and F. profunda, respectively, with lower PIC/POC290

elsewhere (de Vries et al., 2025b). This heterogeneity is often overlooked in climate models as well (Planchat et al., 2023). By

modeling CP directly from in situ measurements, we can capture spatiotemporal variability in production that conversion from

inorganic stocks and growth rates cannot.

3.8 Uncertainties and future directions

Our model depends on the availability of in situ measurements of calcite production. The observational data is biased towards295

the surface regions and therefore deeper regions may be poorly constrained. The distribution of CP with depth plays a large part

in which regions end up contributing the most to global CP, particularly in the subtropical gyres, and therefore should be further
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explored with observational data considering how important these regions are for global CP. In particular, the decoupling of

photosynthesis and calcification by coccolithophores spatially and temporally are of unique interest.

Two particular regions that highlight the need for additional field based observations are the Indo-Pacific and North Pacific300

Gyre. The Indo-Pacific, in particular the South China Sea and Bay of Bengal, appear to be regions of potentially high CP, but

have no observations. Additionally much of the North Pacific and South Pacific Gyre regions are lacking in observations, yet

are predicted to be the two highest contributing biomes to global CP. Predicting these regions is within the model domain as

they may have similar conditions to other sampled regions. However, they may be processes affecting local CP rates that are

not captured by our environmental data domain, and so it would be useful to validate these highly productive regions with in305

situ measurements.

4 Conclusions

Here we present the first global, depth-resolved estimate of monthly calcium carbonate production by coccolithophores for the

top 200 m of the ocean. Our model leverages in situ measurements of these rates with well constrained global climatologies

of environmental data to predict each grid cell individually, allowing us to predict production at depth without explicitly310

prescribing a parametric relationship to extrapolate from surface measurements. We calculate a global annual coccolithophore

calcium carbonate production of 1.23 Pg C yr−1 [0.78, 1.71]. While high-latitude regions show strong seasonal blooms, the

low-latitude subtropical permanently stratified superbiome accounts for the vast majority (59%) of global annual integrated

CP due to its annual consistency with low seasonality and deeper production. Explicitly resolving production with depth

reveals that 18.4% of global CP occurs below the euphotic zone (PAR < 1%) and demonstrates that satellite approaches315

assuming a Kd(490)-based vertical decay underestimate annual global production by over 60%. Satellite estimates do however,

provide much higher temporal and spatial resolution (daily, 4 km resolution for MODIS-AQUA particulate organic carbon)

for the surface ocean that our model does not. By explicitly predicting production at depth, our model can be leveraged

alongside satellites estimates to provide valuable information for marine biogeochemical models in terms of the spatiotemporal

distributions of calcium carbonate production.320
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Code and data availability. Abil can be found at https://github.com/nanophyto/Abil and installed via pip. The specific scripts used to produce

the results from this paper can be found at https://github.com/nicola-wiseman/Abil_Wiseman2025. Environmental data for model training

can be found at https://zenodo.org/records/16753618. The calcification dataset can be found at https://doi.org/10.1594/PANGAEA.987673.

Modeled calcium carbonate production output can be found at https://zenodo.org/records/23241589.
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