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Abstract The air‐sea transfer of carbon dioxide can be viewed as a dynamic system through which
atmospheric and oceanic processes push surface waters away from thermodynamic equilibrium, while
diffusive gas transfer pulls them back toward local equilibrium. These push/pull processes drive significant
sub‐seasonal, seasonal, and interannual variability in air‐sea carbon fluxes, the quantification of which is
critical both for diagnosing the ocean response to fossil fuel emissions and for attempts to mitigate
anthropogenic climate disruption through intentional modification of surface ocean biogeochemistry. In this
study, we present a new approach for attributing air‐sea carbon fluxes to specific mechanisms. The new
framework is first applied to a two‐box ocean nutrient and carbon cycle model as an illustrative example.
Next, outputs from a regional eddy‐resolving model of the Southern Ocean are analyzed. The roles of multiple
physical and biogeochemical processes are identified. The decomposition of the seasonal air‐sea carbon flux
shows the dominant role of biological carbon pumps that are partially compensated by the transport
convergence. Finally, the framework is used to diagnose the response to mesoscale iron and alkalinity release,
explicitly quantifying transport feedback and eventual impacts on net air‐sea carbon flux. Ocean carbon
transport has divergent influences between iron and alkalinity release, due to opposing near‐surface gradients
of dissolved inorganic carbon. We suggest that our attribution framework may be a useful analytical technique
for monitoring natural ocean carbon fluxes and quantifying the impacts of human intervention on the ocean
carbon cycle.

Plain Language Summary Significant amounts of carbon dioxide are naturally exchanged between
the surface oceans and the atmosphere. Predicting the behavior of the ocean carbon cycle in the coming decades
requires that we quantify and understand the effects of physical, biological, and human‐induced drivers of
ocean‐atmosphere carbon exchange. In this study, a new diagnostic framework is developed to explain the
individual contributions of multiple physical, biological, and anthropogenic processes to carbon dioxide
exchange. We first illustrate this method using a very simple representation of the ocean carbon cycle. Then, we
apply the framework to a more realistic three‐dimensional simulation of the Southern Ocean, which is
rigorously validated with observed carbon dioxide exchange rates. Finally, we simulate a series of human
interventions on ocean‐atmosphere carbon exchange that modify surface ocean chemistry to foster greater
carbon dioxide uptake. Through a computational experiment adding iron or alkalinity to the surface ocean. The
techniques developed in this paper can be used across a broad range of natural and human‐induced processes to
estimate the responses of ocean‐atmosphere carbon exchange.

1. Introduction
The oceans are a major sink for atmospheric carbon dioxide (CO2), absorbing ∼3 petagrams of carbon (PgC;
1015 g) each year (Friedlingstein et al., 2022; Gruber et al., 2023). This uptake of CO2 by the surface oceans plays
a significant role in moderating the impacts of anthropogenic greenhouse gas emissions, with the oceans having
taken up as much as 30% of the carbon released by human activities since the start of the industrial period (Gruber
et al., 2019). However, anthropogenic carbon uptake is only one of many seasonally and regionally varying
carbon fluxes that generally have much larger amplitudes. For instance, during summer, a warming‐induced
decline in solubility increases the partial pressure of CO2, leading to outgassing from surface waters (Cai
et al., 2020; Takahashi et al., 1993, 2002; Wang et al., 2006). The biological carbon pump tends to oppose
seasonal solubility changes, whereby increased biological productivity during summer months tends to lower the
partial pressure of CO2 in surface waters (Fassbender et al., 2018; Takahashi et al., 1993, 2002), fostering CO2
uptake into the surface ocean. Deconvolving the key factors controlling variation in air‐sea CO2 flux is thus
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critical for diagnosing anthropogenic impacts on the ocean carbon cycle (McKinley et al., 2017) and for pre-
dicting the ocean response to environmental change across a range of timescales.

There is also significant ongoing interest in intentionally modifying surface ocean biogeochemistry to enhance the
uptake and/or storage of CO2 from the atmosphere as a component of climate mitigation portfolios. For example,
significant venture funding is currently being channeled into ocean‐based carbon dioxide removal (CDR) startups
(Lebling et al., 2022) and the U.S. National Academies of Science, Engineering, andMedicine (NASEM) recently
recommended $2.5 billion in research funding on ocean‐based CDR approaches over the next decade (National
Academies of Sciences, 2021). However, applying any of these approaches at scale will require robust frame-
works for monitoring and attributing carbon fluxes across a wide range of spatial and temporal scales against a
complex and time‐varying natural background. As a result, there is strong impetus to develop new technologies
and analytical frameworks aimed at quantitatively evaluating specific contributors to ocean uptake of CO2 from
the atmosphere that can become core components of monitoring, reporting, and verification (MRV) of ocean‐
based carbon dioxide removal (CDR).

There are two complementary approaches to quantify the drivers of air‐sea CO2 exchange, namely pCO2‐based
and mass‐balance‐based approaches. First, the pCO2‐based approach focuses on the surface ocean partial pressure
of CO2 (pCO2) as the primary factor controlling the air‐sea CO2 exchange (e.g., Ayers & Lozier, 2012; Love-
nduski et al., 2007; Sarmiento & Gruber, 2006; Takahashi et al., 2002). The pCO2‐based approach uses the
carbonate chemistry to attribute observed pCO2 changes to the four factors including temperature (T ), salinity (S),
alkalinity (A) and dissolved inorganic carbon (C). Takahashi et al. (2002) first demonstrated the explanatory
power of the co‐located pCO2 and T observations in explaining the seasonal cycle of surface pCO2 due to
temperature‐driven (solubility) and non‐thermal (biological) components. In subtropical oceans, seasonal
warming and cooling dominate the corresponding seasonal change of pCO2. At subpolar latitudes, the seasonal
phasing of pCO2 is generally opposite of the temperature‐driven change, indicating the important role of non‐
thermal mechanisms. Ayers and Lozier (2012, hereafter AL12) further developed this approach to include
additional contributions from salinity, dissolved inorganic carbon, and alkalinity to diagnose the drivers of surface
ocean pCO2 tendencies in the North Pacific Ocean.

Second, the mass‐balance‐based approach utilizes the carbon mass balance of the surface ocean (e.g., Follows &
Williams, 2004; Lauderdale et al., 2016). The input/output of carbon in the surface ocean must be balanced
between air‐sea CO2 exchange, ocean transport and biological processes at the steady state. While it is difficult to
accurately estimate the carbon mass balance based on the observation alone, it is possible to use outputs from
computational carbon cycle models that are validated with observational data. Lauderdale et al. (2016, hereafter
L16) developed a mass‐balance based theory to quantitatively attribute the air‐sea exchange of CO2 to several
driving mechanisms such as physical transport, biological carbon uptake, and surface buoyancy fluxes under the
assumption of steady state mean seasonal cycles. The mass balance approach is particularly suitable for under-
standing model output as the computational models strictly follow the carbon mass balance.

Both AL12 and L16's approaches are based on the seasonal and annual mean climatology of CO2 fluxes. Though
both studies successfully showed the decomposition of air‐sea CO2 flux drivers, these approaches face some
limitations. First, these frameworks are built on statistical mean states where sub‐seasonal to interannual vari-
ability of carbon are neglected. This limits the applicability of these approaches to ocean‐based CDR, which
requires the attribution of time‐dependent air‐sea CO2 exchanges. Second, these and other previous frameworks
do not include the negative feedback of diffusive gas transfer. For example, a sudden removal of carbon from the
equilibrated surface ocean can induce an undersaturated surface pCO2, driving air‐to‐sea CO2 transfer. The
addition of CO2 will re‐equilibrate the surface ocean over time, and this establishes a stabilizing feedback. Air‐sea
CO2 equilibration timescales vary from several months to a year depending on background atmospheric and
oceanographic conditions (Broecker & Peng, 1974; Jones et al., 2014). This negative feedback should thus play a
key role in shaping the spatial and temporal patterns of air‐sea CO2 fluxes.

In this study, we present a novel framework for quantifying the drivers of air‐sea CO2 exchange that explains the
time‐dependent drivers of air‐sea CO2 exchange by combining the pCO2 andmass balance‐based approaches. The
conceptual core of our framework is to represent air‐sea exchange of CO2 with a linear ordinary differential
equation (ODE) (Di Lorenzo & Ohman, 2013; Hasselmann, 1976; Yuan et al., 2004), which is derived from the
governing equations of the ocean carbon cycle, including carbonate chemistry and reactive transport of carbon. In
typical oceanographic conditions, the air‐sea exchange of CO2 is not a dominant term of the surface ocean carbon
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mass balance at subseasonal to seasonal timescales but is rather a relatively small residual between transport
divergence, local storage and biological carbon uptake. Changes in local storage (∂C/∂ t in carbon mass balance),
which is neglected in the AL12 and L16 theory due to the steady state assumption, play a crucial role in the
negative feedback that regulates air‐sea CO2 exchange. This time‐dependent term is retained in our theory
through the transformation of the governing equations to an linear ODE model. Specifically, we can combine the
time derivative of air‐sea gas exchange with constraints from the carbonic acid system and the time‐varying
carbon budget including the negative gas exchange feedback to arrive at an expression that governs the time‐
dependent evolution of CO2 exchange. A detailed derivation of this framework is presented in Section 2.

In what follows, we outline the theoretical derivation of the linear ODE (Section 2). Then, we illustrate the new
framework through a stochastically forced 2‐box ocean nutrient and carbon cycle model (Section 3), and provide a
computational example that can be run on a personal computer. We then present a realistic example using a
regional eddy‐resolving carbon cycle model (Section 4), and illustrate the sequence of events following meso-
scale iron and alkalinity release experiments in the Southern Ocean (Section 5). Finally, we discuss the impli-
cations of our results and possible future applications of our framework (Section 6).

2. Theory
The underlying principles of the linear ODE come from three equations governing the surface mass balance of
dissolved inorganic carbon (Equation 1), surface water carbonate chemistry (Equation 2), and the parameteri-
zation of air‐sea gas transfer (Equation 3):

∂C
∂t
= − ∇ · uC + ∇ ·K∇C − B +

C
h
(E − P) +

F
h
, (1)

[CO2] = α(T,S,A,C), (2)

F = G(1 − fice) (KHpCOatm2 − [CO2]), (3)

whereC is the concentration of dissolved inorganic carbon, u is the three‐dimensional velocity vector, andK is the
turbulent diffusivity tensor. B is the net carbon sink due to the biological pump, and h is the thickness of the
surface layer, which we set here at 50 m. E‐P is evaporation minus precipitation, and F represents the air‐sea flux
of CO2 from the atmosphere (e.g., positive values denote a CO2 flux from the atmosphere into the ocean).

The concentration of dissolved carbon dioxide [CO2] is a function of temperature (T), salinity (S), alkalinity (A),
and dissolved inorganic carbon (C), and the detailed functional form of α is determined by the equilibrium
carbonate chemistry. G is the gas transfer coefficient and is a function of the 10‐m wind speed and the Schmidt
number for CO2 (Wanninkhof, 2014). Fractional ice cover ( fice) also modulates the area‐integrated the rate of gas
exchange. KH is the Henry's law coefficient for the solubility of CO2, which is a function of temperature and
salinity. pCO2

atm is the partial pressure of carbon dioxide in the overlying atmosphere, while [CO2] is the con-
centration of carbon dioxide in seawater. Here, we combine these two factors to define G* = G(1 − fice).

Taking the time derivative of the carbonate chemistry (Equation 2) reveals mechanistic linkages between carbon
dioxide and variability of T, S, A, and C, which has been previously applied in the North Pacific basin through the
AL12 theory. A detailed derivation of the theory is provided in Appendix A. Building on this approach, time
derivatives of Equations 2 and 3 can be combined to eliminate the tendency of [CO2] and to establish the linkage
between the rate of change in air‐sea CO2 transfer and the rate of change in T, S, A, and C along with other
variables. Then, Equation 1 can be used to eliminate the rate of change in C. The resulting equation can then be
rewritten using air‐sea CO2 exchange, F, as the prognostic variable.
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∂F
∂t
= −

G∗αC
h

F + [G∗αC∇ · (uC)

− G∗αC∇ · (K∇C)

+G∗αCB

− G∗αA Ȧ

− G∗{
αCC
h
(E − P) + αS Ṡ}

+G∗ {K̇HpCOatm2 − αT Ṫ}

+G∗KH
˙pCOatm2

+Ġ∗{KHpCOatm2 − [CO2]}]

, (4)

where a local time derivative is expressed as a dot above the variable (χ̇ ≡ ∂ χ/ ∂ t) and the partial derivatives of
α values are expressed as subscripts (αχ ≡ ∂ α/ ∂ χ). It can be seen that this formulation takes the form of a first‐
order linear differential equation, which can be re‐written as follows:

∂F
∂t
= − λF +∑

n
fn. (5)

Similar differential equations have been used for calculating perturbations to the marine carbon cycle as pulse‐
response functions (Hooss et al., 2001; Joos & Bruno, 1996; Yankovsky et al., 2024) in order to model the impacts
of anthropogenic perturbations and interventions. Our new framework can diagnose the responses of air‐sea CO2
flux to a range of physical and biogeochemical drivers for both natural and anthropogenic processes. In the RHS
of Equation 5, fn denotes the forcing terms from individual physical and biogeochemical processes that control
air‐sea CO2 fluxes (e.g., advection, mixing, biological uptake, temperature shifts, and atmospheric transients as
mathematically defined in the RHS of Equation 4). These forcing terms collectively define the temporal evolution
of F, the air‐sea CO2 flux. The strength of the negative air‐sea flux feedback is measured by the magnitude of the λ
coefficient in the first term on the RHS of Equation 5, and has the units of inverse time:

λ =
G∗αC
h

. (6)

Themechanisms revealed in the form of Equation 4 illustrate the dynamics governing the evolution of air‐sea CO2
transfer. In particular, Equation 4 suggests that diffusive gas exchange tends to bring the surface water toward air‐
sea equilibrium (F = 0) on an exponential decay timescale of λ− 1, while the suite of physical and biogeochemical
processes (represented as fn terms in Equation 5) act to push surface waters away from equilibrium. A larger value
of λ denotes stronger negative feedback, where diffusive gas exchange drives more rapid air‐sea equilibration. On
the RHS of Equation 4, we group the forcing terms into eight representative components, including (a) advection
of C, (b) turbulent mixing of C, (c) carbon uptake by the biological pump, (d) changes in alkalinity, (e) evapo-
ration minus precipitation, (f) changes in solubility, (g) changes to atmospheric CO2, and (h) changes in the air‐
sea gas exchange coefficient (including the effect of partial sea ice cover). Most of these factors are accounted for
by the L16 theory, in that the steady‐state approximation of Equation 4 is essentially identical to the L16 attri-
bution framework after replacing C by the sum of the saturation and residual components. In practice, some
forcing terms ( fn) in Equation 4 may be determined from observations or models (such as temperature shifts and
atmospheric transients), while others may be difficult to determine accurately based on the observations only and
will likely require numerical models (such as advection and mixing of carbon). If the detailed structure of the
forcing terms ( fn) is known, they can be individually integrated to determine the quantitative contribution of each
term to the overall air‐sea CO2 exchange flux:

∂Fn
∂t

= − λFn + fn, (7)
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F =∑
n
Fn. (8)

Since this is a linear system, the superposition principle applies to Fn

(Equation 8), with the result that Equations 7 and 8 can be used as an
analytical framework for quantifying the roles of individual physical and
biogeochemical processes (Fn) in regulating the evolution of air‐sea carbon
dioxide exchange (F) in a time‐dependent manner.

3. A Stochastic Box Model
To illustrate the application of our attribution framework (Equations 4–8), we
employ a stochastically forced 2‐box ocean nutrient and carbon cycle model
(Hamme & Emerson, 2002; See Figure 1). The model includes a 50 m‐thick
(h= 50m) surface ocean and 500m‐thick (H= 500m) thermocline boxes, and
includes the tracers phosphorus (P) as a macro‐nutrient and dissolved inor-
ganic carbon (C). The random forcing comes from the imposed verticalmixing
rate specified in the model via mixing of surface and thermocline boxes with a
vertical exchange rate, w, in units of ms− 1. The ocean vertical exchange is
highly variable due to many physical processes including atmospheric storms,
turbulent mixing, breaking internal waves, and ocean mesoscale and sub‐
mesoscale eddies. To represent the complexity of these processes in a crude
way, we use a random noise in the vertical mixing rate (w) where the tempo-
rally varying vertical mixing is parameterized as w(t) = w0 + wʹ(t). The
backgroundmixing rate (w0) is set to 10

− 6ms− 1.A randomGaussian noise (wʹ)
is added with zero‐mean and an amplitude of 3·10− 6 ms− 1, and we enforce that
the value ofw remains positive or zero to avoid up‐gradientmixing of nutrients
in the two‐box system. We implement stochastic forcing on the vertical ex-
change rate (wʹ) via the pseudo‐randomnumber generator of the numpy library
in python.

For simplicity, biological export of organic matter from the surface box is parameterized as a linear function of
surface P with an inverse nutrient uptake timescale, λbio, which is set to 100 days (λbio = 1.16·10

− 7 s− 1). The
governing equations of P cycling are specified as follows, with organic matter exported from the surface box
being fully remineralized in the thermocline box:

∂Ps

∂t
=
w
h
(Pd − Ps) − λbioPs, (9)

∂Pd
∂t

=
w
H
(Ps − Pd) +

λbioh
H

Ps. (10)

The carbon and phosphorus cycles are coupled through Redfield stoichiometry with a constant C:P ratio of 106
(Redfield et al., 1963; for justification see Hamme and Emerson (2002, Chapter 3). Finally, air‐sea CO2 exchange
is parameterized using a simplified diffusive gas exchange formulation with a constant gas transfer coefficient (G)
of 2,000 myr− 1 or equivalently, 6.34·10− 5 ms− 1:

∂Cs

∂t
=
w
h
(Cd − Cs) − λbioRC:PPs −

GKH

h
(pCO2,ocn − pCO2,atm), (11)

∂Cd

∂t
=

w
H
(Cs − Cd) +

λbiohRC:P
H

Ps. (12)

For the calculation of carbonate chemistry, we assume a constant surface salinity of 35 psu and carbonate
alkalinity of 2,200 μeq kg− 1 and use the PyCO2SYS package to calculate the carbonate chemistry coefficients and

Figure 1. A schematic diagram of the 2‐box model is discussed in the text.
The model includes phosphorus (P) and dissolved inorganic carbon (C). The
subscripts indicate the surface (s) and deep (d) boxes. The model represents
vertical transport (black arrows), biological carbon export (green arrow), and
air‐sea CO2 exchange (blue arrow). The temperature, salinity, and alkalinity
of the surface box are prescribed for simplicity.
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the derivatives αT, αS, αA, and αC (Humphreys et al., 2022). Sea surface temperature is prescribed to annual mean
temperature of 15°C with a mean seasonal cycle of 3°C amplitude via a cosine function.

The model Equations 9–12 are coded in python and are integrated numerically. The code is hosted at the github
repository and can be executed on a cloud server (see the Data Availability Statement). The model is initialized
with an arbitrary initial condition of Ps = 0.5 μmolPkg

− 1, Pd = 2.0 μmolP kg
− 1, Cs = 1,900 μmolC kg

− 1, and
Cd = 2,200 μmolC kg− 1, and is spun up for 90 years via forward integration with 5‐day timestep, which is
adequate for this idealized model. Atmospheric pCO2 (pCO2,atm) is initially prescribed at 360 ppm, and increases
linearly at a rate of 2 ppm·year− 1 following spin‐up. Figure 2 shows the results for the 9‐year period in the model
simulation.

The prescribed seasonal cycle of surface temperature drives seasonal changes in CO2 solubility and air‐sea CO2
exchange. The carbon budget of the surface box (Figure 2a) is dominated by the surface carbon transport
convergence driven by stochastic vertical mixing, which is primarily balanced by the local carbon storage
(∂C/∂ t). On longer timescales (several months and years), the net carbon input due to vertical mixing is balanced

Figure 2. Model output for 9 years of a 2‐box model simulation. (a) Top panel shows the carbon budget terms in the surface box in the units of molC m− 3 year− 1. The
blue line shows local storage (CO2 tendency; dC/dt), the orange line shows biological export (NCP = Net Community Production), the green shows vertical transport
(SCTC = Surface Carbon Transport Tendency), and the red line shows air‐sea CO2 exchange. (b) Surface ocean pCO2. (c) Air‐sea CO2 flux (same as the red line in
(a) but rescaled for visibility).
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by net community production (biological carbon export). Between these terms, the net air‐sea CO2 exchange is a
relatively small residual with alternating seasonal uptake and outgassing (Figure 2c). The seasonal pCO2 and air‐
sea exchange flux variability are controlled primarily by changes in solubility, while the effect of stochastic
transport perturbation is visible in the variability of surface ocean pCO2 and the air‐sea CO2 exchange rates.

We can transform Equation 11 into the first‐order linear differential equation following the steps of Equations 4
and 5 according to

dF
dt
= −

GαC
h

F + {ftrans + fbio + fT + fatm}, (13)

with the forcing terms on the RHS defined as follows:

ftrans = −
GαCw
h

(Cd − Cs), (14)

fbio = GαCλbioRC:PPs, (15)

fT = G(pCO2,atm
dKH

dt
− αT

dT
dt
), (16)

fatm = GKH
dpCO2,atm

dt
. (17)

In this particular integration, there are four forcing terms, and their respective contribution to the air‐to‐sea CO2
flux is displayed in Figure 3. First, the surface carbon transport (Equation 14, blue line in Figure 3) is the net
input of carbon due to vertical mixing, which leads to a negative air‐to‐sea flux (degassing). Second, biological
carbon export is the primary net sink of carbon (Equation 15, green line in Figure 3), which drives a positive
air‐to‐sea flux (uptake). Both of these terms include a significant stochastic component, and mostly cancel one
another. Third, seasonal warming and cooling controls the solubility of CO2 (Equation 16, gray line in
Figure 3), which drives seasonal uptake in the fall due to the transition from the warm, low‐solubility season to
the cool, high‐solubility season. Finally, the atmospheric pCO2 transient drives a small positive air‐to‐sea flux

Figure 3. Air‐sea CO2 exchange and its components. The black solid line shows the direct model output for the air‐to‐sea CO2
flux, while the purple dashed line is the sum of the four flux components calculated from the individual integration of forcing
terms (Equations 13–17). The green line indicates the contribution of the surface carbon flux convergence, and the orange
line indicates the contribution from biological carbon export.
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due to the gradually rising atmospheric pCO2 level (Equation 17, red line in Figure 3). The transient atmo-
spheric CO2 is included to be more realistic. While this drift in the atmospheric CO2 violates the equilibrium
assumption of the stability analysis, its magnitude is significantly smaller than the stochastic forcing.

Comparing Figureure 2a and 3 reveals the explanatory power of the new approach. The upper ocean carbon
budget (Figure 2a) is extremely noisy and is dominated by the balance between the transport convergence and
local accumulation. This makes it difficult to visually identify the driving factors of the overall air‐sea CO2
exchange flux. In contrast, the new attribution framework (Figure 3) is based on an linear ODE (Equations 7 and
8), in which the air‐sea CO2 flux (F) integrates individual forcing mechanisms ( fn) as a low‐pass filter. This
effectively filters out high‐frequency noise, with the filtering timescale (λ− 1) being underpinned by the governing
equations and the negative feedback associated with the diffusive gas transfer.

The linear ODE approach assumes that λ is constant and the system is at equilibrium. Under typical oceanographic
conditions, we may expect G ∼ 1,500 m year− 1, h ∼ 50 m, and aC ∼ 0.1, yielding a rough estimate for the ex-
change time scale (λ− 1) of ∼0.2 years. In the box model, these parameters are simply prescribed. In reality, the
magnitudes of G, h, and aC are not constant but rather vary with local oceanic and meteorological conditions.
Within our theory, the variability of G can be treated as a forcing (the last term in the RHS of Equation 4), while
the depth h depends on the surface layer thickness. Thus, the strength of the negative feedback and the air‐sea
equilibration timescale would be expected to vary spatially and temporally depending on detailed regional pat-
terns of G, h, and αc, while the magnitude of the exchange timescale (λ

− 1) should be on the order of several
months. In the next section, we evaluate the new attribution framework in a more realistic setting using an eddy‐
resolving regional ocean carbon cycle model.

4. Application in an Eddy‐Resolving Regional Ocean Carbon Cycle Model
As a more realistic application, we employ a model hindcast from an eddy‐resolving (10 km resolution) model of
the central South Pacific sector of the Southern Ocean (Ito, 2022). The model has previously been validated to
reproduce climatological patterns and temporal variability of physical and biogeochemical variables, including
the partial pressure of CO2 (Figure 4). Briefly, the model is based on MITgcm (Marshall, Adcroft, et al., 1997;
Marshall, Hill, et al., 1997) with a 6‐phytoplankton configuration of the Darwin ecosystem model (Dutkiewicz
et al., 2014, 2015).

The model domain covers from 164°W to 100°W and 65°S to 44°S and is one‐way nested with the Biogeo-
chemical Southern Ocean State Estimate (Verdy & Mazloff, 2017). This regional domain includes the Udintsev
Fracture Zone (UFZ) in the central Pacific sector of the Southern Ocean. The UFZ is characterized by the deep
gap between the Pacific‐Antarctic Ridge and the East Pacific Rise, which is one of the key choke points of the
Antarctic Circumpolar Current. The model reproduces observation‐based gridded pCO2 products remarkably
well from seasonal to interannual timescales (r= 0.89). The model represents an intermittent double‐peak pattern
of pCO2, with one peak driven by the summer‐time high temperature and another during the winter‐time high of
dissolved inorganic carbon. A similar pattern was observed in the Drake Passage region based on the SOCAT data
set (Jersild & Ito, 2020). The model also captures the spatial and temporal structure of the regional net primary
production with respect to the satellite ocean color products, and biogeochemical tracer variability observed by
BGC‐Argo floats as shown in Ito (2022).

Unlike in the 2‐box model, there is significant spatio‐temporal variability of G, h, and αC, making it difficult to
directly apply Equation 6 to determine the magnitude of λ for the whole model domain. Alternatively, the
timescale (λ− 1) can be estimated from the lag‐autocorrelation of the air‐sea CO2 flux (F) anomaly. Figure 5 shows
the lag‐autocorrelation of the de‐trended and de‐seasoned air‐sea CO2 flux (F) anomaly averaged over the
analysis region. Based on the comparison to the exponentially decaying functions, an exchange timescale of
approximately 50 days fits this particular model output well, which is also consistent with the observation‐based
estimates of air‐sea CO2 equilibration timescale for this region (Jones et al., 2014).

A key feature of this formulation is the quantification of contributions from each individual forcing term to the
overall ocean CO2 uptake. We can thus integrate Equation 7 separately for each forcing term ( fn) to yield an
estimate of air‐sea CO2 flux associated with each specific mechanism, with the total air‐sea carbon flux as the sum
of individual integration. Implementing this theoretical framework in the context of numerical model output with
sufficient physical resolution and predictive skill provides a flexible mechanistic framework for quantitative
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attribution of the mechanisms regulating ocean carbon uptake over time. To assemble fn terms, the individual
terms within the curly bracket in the RHS of Equation 4 can be diagnosed from model output. More specifically,
we can integrate each of the RHS terms in Equation 4 over a control volume, which can cover any region of
interest from a specific site to an arbitrarily large region. For this particular example, we choose to cover most of
the model domain away from the open boundaries covering 160°W–120°W and 48°S–62°S as indicated by the
teal box in Figure 4b. Vertically, we integrate over the upper 50 m of the water column. Temporally, we use the 5‐
day average model output over the 8‐year period from 2009 to 2016. In this region of the model, biological uptake

represents the major sink of carbon (Figure 6a, green line), and this uptake
drives a significant air‐sea carbon flux into the regional surface ocean
(Figure 6b). The finite timescale of air‐sea gas transfer naturally integrates out
the high‐frequency changes in physical transport and other fluxes, with the
resulting time series exhibiting variations on the timescale of λ− 1 and longer.

We can deconvolve the air‐sea CO2 exchange through the term‐wise inte-
gration of the linear ODE (Equation 7), integrating through the full seasonal
cycle and multi‐year trend. Physical transport is split into two components for
the advective transport and (parameterized) mixing including the contribu-
tions from the KPP mixing parameterization (Large et al., 1994), both of
which are highly variable. As in the 2‐box model, the linear ODE framework
acts as a low‐pass filter that transforms rapidly varying transport‐driven fn
terms into slowly varying carbon flux components (Fn) with a characteristic
timescale λ− 1. Averaging over the entire hindcast, our framework diagnoses
biological carbon fixation (net community production) as the primary driver
of regional air‐sea carbon flux (2.4 million tonnes of CO2 per day = 2.4
MtCO2 d

− 1), and this is largely compensated by the transport convergence
(− 2.1 MtCO2 d

− 1) and changes to solubility (− 0.07 MtCO2 d
− 1). While there

Figure 4. Validation of the regional carbon cycle model. (a) Domain‐average surface ocean pCO2 in the model (blue) and
observation‐based products (black/gray, Fay et al., 2021). (b) Spatial pattern of temporal correlation coefficient, R. (c) Root‐
mean‐square error (RMSE). For (b) and (c), the model output is interpolated onto 1° × 1° grid before comparing to the
observation‐based products. The thin black lines represent contours showing bottom topography.

Figure 5. Lag‐autocorrelation function of the de‐trended and de‐seasoned
air‐sea CO2 flux anomaly. The thick gray line is based on the model output,
which is compared to an exponential function with 40‐, 50‐, and 60‐day
timescales.
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are several other factors, these three terms dominate the regionally integrated air‐sea carbon flux of 0.5
MtCO2 d

− 1.

5. Attribution of CO2 Fluxes During Iron and Alkalinity Addition to the Surface Ocean
Next, we perturb the regional Southern Ocean model by performing two simulations of mesoscale iron and
alkalinity release to a patch of the surface ocean with the objective of quantifying the impact of transport feedback
on ocean carbon uptake efficiency. The first case is meant to broadly mimic field trials of ocean iron fertilization
(OIF), a proposed approach toward sequestering carbon in the ocean interior through stimulation of the biological
carbon pump in regions of the ocean in which photosynthetic carbon fixation is limited by available Fe (Boyd
et al., 2000; Buesseler et al., 2004). The second case is meant to represent direct addition of alkalinity to the ocean
surface (ocean alkalinity enhancement, OAE), for example, through electrochemistry or controlled reactor ap-
proaches, which is also being pursued as a potential ocean‐based CDR technology (Eisaman, 2020; Ferderer
et al., 2022; National Academies of Sciences, 2021; Rau, 2009). Both perturbations lead to changes in the near‐
surface gradients of DIC, altering the local carbon transport divergence and the air‐sea carbon exchange. The

Figure 6. Attribution of ocean carbon uptake in the eddy‐resolving ocean carbon cycle model of the Southern Ocean. (a) Time
series of surface carbon budget terms as flux convergence over the model domain including air‐sea gas exchange, mixing,
advection, biological uptake, and evaporation minus precipitation (E‐P). (b) Deconvolved surface ocean carbon fluxes using
our linear ODE framework, showing flux contributions from mixing, advection, biological uptake, evaporation minus
precipitation (E‐P), atmospheric growth, alkalinity changes, changes in gas exchange rate, and changes in solubility, along
with the net sea‐air CO2 flux (thick black line). Positive values indicate CO2 uptake by the surface ocean, while negative
values indicate CO2 outgassing. Analysis is performed for the upper 50 m of the model domain covering from 160°W to
120°W and 48°S to 62°S, including the seasonal cycle, long‐term trends, and variability.

Global Biogeochemical Cycles 10.1029/2024GB008346

ITO AND REINHARD 10 of 17

 19449224, 2025, 2, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2024G

B
008346 by G

eorgia Institute O
f T

echnology, W
iley O

nline L
ibrary on [06/02/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



simulations deploy dissolved Fe and alkalinity fluxes that are designed to have similar overall impacts on dis-
solved CO2 (and thus should result in similar integrated ocean carbon uptake; see Appendix B).

A snapshot of dissolved Fe, alkalinity, and CO2 at 30 day subsequent to the initiation of iron and alkalinity release
is shown in Figure 7. The imposed fluxes are placed in the northern fringe of a cyclonic eddy at the equatorial
flank of the Subantarctic Front (SAF) (139°W, 48°S; Figure 7) during January 2009. The summer month is chosen
as an optimal season for OIF and OAE due to the relatively warm stratified conditions. Injected alkalinity and iron
remain within the surface mixed layer for a relatively longer time. This enables the subsequent air‐sea gas ex-
change to absorb atmospheric CO2 over a longer period. Furthermore, the biological productivity would be
limited by the availability of iron, causing a stronger impact on the biological drawdown in OIF. The impacts of
the OIF and OAE experiments are visualized by taking the difference from the baseline simulation. The level of
deployment in our simulations is relatively small (corresponding to 700 kg of total dissolved Fe) and resultant
perturbations to the background dissolved Fe and alkalinity fields (Figures 7b and 7e) and associated changes in
surface ocean pCO2 (Figures 7c and 7f) are also small and would be challenging to detect by in situ monitoring.
Nevertheless, the simulated deployment results in a significant perturbation to the integrated air‐sea transfer of
CO2. The evolution in surface biogeochemical properties and fluxes are evaluated at two scales, including a
2° × 2° “single eddy” (solid line in Figure 3) region for a smaller patch of water and a 10° × 5° “Subantarctic”
region (dash line in Figure 3) for a larger domain. By contrasting these two scales, the role of lateral transport and
dilution can be evaluated.

Figure 7. Surface ocean chemistry for mesoscale ocean iron fertilization (OIF; a–c) and ocean alkalinity enhancement (OAE; d–f) experiments at 30 days after the
beginning of the perturbation simulations. (a) Total dissolved Fe ([Fe]), (b) dissolved Fe anomaly (∆[Fe]), and (c) pCO2 anomaly for the OIF simulation. (d) Dissolved
alkalinity (ALK), (e) dissolved alkalinity anomaly (∆ALK), and (f) pCO2 anomaly for the OAE simulation. Arrows show the surface current field, while red contours
show sea surface dynamic topography, indicating the position of the SAF and the cyclonic eddy. The two boxed regions are used for the regional integration, including a
2° × 2° “single eddy” (solid) region for a smaller patch of water and a 10° × 5° “Subantarctic” region (dash) for a larger domain to evaluate lateral transport and dilution.
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In the Fe fertilization case, the dissolved Fe anomaly is small and relatively short‐lived due to rapid consumption
by phytoplankton. Anomalies in dissolved Fe and biological carbon fixation are mostly confined to the eddy
(Figure 7b) with slight leakage to the outside of the eddy, but the dissolved CO2 anomaly is longer‐lived and
emerges significantly afield of the deployment location due to ocean transport (Figure 7c). Increased biological
activity causes a localized negative anomaly in dissolved inorganic carbon (C) in near‐surface waters. Horizontal
turbulent mixing distributes the negative anomaly over a progressively wider surface area, catalyzing the uptake
of CO2 from the atmosphere through air‐sea gas transfer. However, vertical turbulent mixing supplies C from the
ocean interior, which counteracts the initial transient C gradient and reduces CO2 uptake efficiency from the
atmosphere.

Rapid, eddy‐scale re‐distribution causes significant dilution of pCO2 anomalies (∼1 ppm) but these still drive
significant ocean uptake of CO2 when integrated over the eddy area (solid box, Figure 7)—corresponding to an
eddy‐wide net air‐sea CO2 flux of up to 300 tonnes of CO2 per day (tCO2 d

− 1; Figure 8a) and a total uptake of
∼11 ktCO2 over several months following transient Fe release. The CO2 anomaly is transported northeastwards of
the eddy over the course of several months, while the amplitude of the anomaly attenuates due to physical mixing
and air‐sea equilibration through gas exchange. When integrated over the larger domain (dashed box, Figure 7)
the regional mean pCO2 perturbation is even smaller (∼0.1 ppm), but the regional uptake is greater (∼28 ktCO2),
corresponding to an efficiency ratio of ∼40 tCO2 per kgFe. Relatively high sequestration efficiency is likely due
to summer stratification and relatively weak vertical turbulent mixing, which minimizes the negative transport
feedback on air‐sea CO2 flux. Also, this efficiency estimate does not include the potential negative effects of
excess macro‐nutrient consumption, which can reduce biological productivity in the downstream region (often
referred to as “nutrient robbing”). Thus, this efficiency ratio should be considered as a theoretical upper bound.

The integrated increase in CO2 uptake in the OAE case is—by design—similar in magnitude to that in OIF. A
total of 2.1 Geq is injected into the surface ocean at the same location, and the added alkalinity is rapidly entrained
into the cyclonic eddy. A similar eddy‐scale dissolved CO2 anomaly occurs with a resultant air‐sea CO2 flux of
∼380 tCO2 d

− 1, and an integrated ocean CO2 uptake of ∼13 ktCO2 through the alkalinity pulse at the eddy scale.

Figure 8. Attribution of carbon flux anomalies for the OIF (a, b) and OAE (c, d) experiments. Carbon flux anomalies (ΔFn)
are calculated as the difference between perturbation and control experiments. In (a, c) anomalies integrated over the “single
eddy” region, and in (b, d), carbon flux anomalies are integrated over the larger “Subantarctic” region. Positive values
indicate flux into the ocean.
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Carbon uptake induced by alkalinity release generates a localized positive carbon anomaly in surface waters,
resulting in a transport feedback that has an opposite sense relative to that of the iron release experiment. Over
several months following the injection, the added alkalinity spreads out beyond the eddy. Integrated regionally, a
total uptake of ∼29 ktCO2 occurs, corresponding to a regional integrated efficiency ratio of ∼14 gCO2 per eq of
alkalinity. Once they are transported and diluted across a much wider area in the Subantarctic region, the local
anomalies in alkalinity and surface ocean pCO2 are extremely small.

Again, by design, the overall response of air‐sea CO2 flux to iron and alkalinity release is similar in magnitude
between the two experiments. However, the responses of ocean transport to these perturbations are different
between the two cases. Our linear ODE framework allows us to quantify the underlying mechanisms for this, and
in particular the varying roles played by the changes in physical transport (Figure 8). The addition of iron and
alkalinity both alter horizontal and vertical gradients of DIC, which in turn alter the carbon transport divergence.
These circulation‐driven fluxes can have significant impacts on the evolution of air‐sea CO2 flux. To illustrate
this, we perform a deconvolution over two different spatial domains—(a) a single eddy; and (b) the Subantarctic
region as shown by the solid and dashed box in Figure 7. The former captures the short‐term (<30‐day, 10–
100 km) localized responses, while the latter captures the diluted response over a wider area and over longer
timescales (30–90 days, 100–1,000 km).

For the OIF experiment, the three dominant drivers of the air‐sea CO2 flux are biological carbon uptake (green),
advection of C (black solid), and turbulent mixing (black dash). For the OAE experiment, the dominant com-
ponents are the surface alkalinity changes (blue), advection of C (black solid), and turbulent mixing of C (black
dash). All other components make insignificant contributions to the net flux, and the sum of the three components
closely approximates the net carbon uptake integrated for each domain (gray).

In the Fe fertilization case, there is a strong and immediate biological response that results in CO2 uptake from the
atmosphere (Figure 7c). However, the enhanced biological carbon fixation creates a local surface minimum in C,
leading to flux convergence through advection and turbulent mixing that tends to compensate the loss of C and
counteract the impact of an enhanced biological carbon pump. As a result of this transport feedback, the response
in net ocean carbon uptake is only a fraction of the spatially integrated biological carbon uptake (∼24% in the
single eddy case; Figure 8a). Considering the redistribution of anomalies over a wider area, the integrated net flux
over the larger Subantarctic domain is broadly similar (comparing Figures 8a and 8b). However, the net air‐sea
carbon uptake is again significantly smaller than the biologically driven flux (∼44% in the Subantarctic domain;
Figure 8b), highlighting the important role of transport feedback across spatial scales.

In the alkalinity release case, there is an initial increase in net ocean carbon uptake induced by increased surface
alkalinity (Figures 8c and 8d). This is followed by the decline of alkalinity‐driven carbon flux as the alkalinity
pulse decays due to horizontal and vertical mixing (dAlk/dt and the associated fn term are negative during the
spreading phase). The negative overshoot of alkalinity‐driven carbon flux occurs due to its slower decay (relative
to the injection) in combination with the finite‐timescale response of air‐sea gas transfer. During the alkalinity
addition, increasing alkalinity drives air‐to‐sea CO2 uptake (Equation 4), but its potential is not fully realized due
to the finite air‐sea CO2 exchange timescale and the mixing away of the surface alkalinity anomaly. When the
alkalinity addition ends, physical transport and mixing start to dilute the surface alkalinity, decreasing the local
alkalinity, which tends toward sea‐to‐air CO2 outgassing. However, the dilution phase usually takes longer than
the initial increase, and a negative overshoot occurs due to a more complete air‐sea CO2 equilibration during the
dilution phase. However, this negative overshoot does not result in net degassing of CO2 (Figures 8c and 8d) due
to the compensation from the transport of the initial carbon anomaly stored during the alkalinity release phase.
The initial alkalinity‐driven carbon uptake drives a positive C anomaly in surface waters, the attenuation of which
allows just enough carbon uptake tendency to counteract the alkalinity overshoot during the dilution phase. This is
not a coincidence—the size of theC anomaly is linked to the magnitude of alkalinity injection, and the attenuation
of both carbon and alkalinity anomalies is driven by the same circulation field. The temporal evolution is
generally similar between the small and large domains (Figures 8c and 8d), again suggesting the importance of
vertical transport across spatial scales.

6. Discussion
Attribution of simulated CO2 fluxes to different processes generally requires performing multiple sensitivity
simulations with one factor varied at a time and comparing the resulting CO2 fluxes to a background reference
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condition. Recent theoretical advances enable the attribution of surface ocean pCO2 tendencies for mean seasonal
cycles (Ayers & Lozier, 2012) and for climatological air‐sea CO2 fluxes (Lauderdale et al., 2016). Building on
these studies, we present a new approach that can deconvolve air‐sea CO2 fluxes into different mechanistic
components in a time‐dependent manner, including natural variability and imposed mCDR perturbations. Our
approach requires only a single simulation to record all the fn terms, with the attribution to different factors
calculated via the linear ODE.

Using idealized ocean CDR experiments and our new analytical framework, we demonstrate that correctly un-
derstanding and quantifying the response of air‐sea carbon exchange to surface ocean perturbation requires the
integration of direct forcings, such as changes to biological carbon cycling or shifts in surface alkalinity, with
indirect responses caused by changing tracer gradients and physical transport. For example, the direct effect of
iron addition to the surface ocean will be enhanced biological carbon drawdown, but this biological drawdown
alters local carbon gradients in both horizontal and vertical directions, leading to an indirect carbon tendency
driven by ocean carbon transport. Our results show that these indirect effects can contribute significantly to
carbon uptake as a positive or negative feedback depending on the specific style of perturbation and background
ocean state.

Another example is the direct and indirect effects of alkalinity addition. Increased alkalinity directly affects air‐
sea CO2 flux through changes in surface water chemistry. However, it also alters the spatial gradients and the
carbon transport, which causes an indirect transport effect. The strength of these indirect effects depends on local
mixing and circulation dynamics, which may affect the efficiency of the mCDR approach at different locations
and times throughout an annual cycle. Importantly, it is impossible to separate the direct and indirect effects by
only comparing a sensitivity experiment to a control, while the autoregression model provides a theoretical
framework to deconvolve these effects from a single simulation pair. This framework may help to achieve more
confident and specific attribution of background carbon fluxes in Earth's oceans, providing scope for more
confident assessment of anthropogenic environmental impacts and natural carbon cycle dynamics across a wide
range of surface ocean environments. Another fruitful future direction is to apply this attribution framework to
recently emerging biogeochemical ocean state estimates (e.g., Carroll et al., 2020; Verdy & Mazloff, 2017). Our
framework can also serve as a tool for predicting and quantifying the impact of anthropogenic modification of
surface ocean chemistry on air‐sea CO2 fluxes, making it a potentially powerful tool for designing and optimizing
field trials, developing robust measurement and verification frameworks, and augmenting technoeconomic
assessment across a range of ocean CDR strategies.

Appendix A: Derivation of the Theory
The time derivative of the gas exchange formula (Equation 3) yields four terms that explain the temporal change
of air‐sea CO2 flux (F), including the rate of change in gas exchange coefficient (G*), solubility (KH), atmo-
spheric partial pressure (pCO2

atm), and surface ocean [CO2] as follows

∂F/∂t = Ġ∗{KHpCOatm2 − [CO2]} + G∗K̇HpCOatm2 + G∗KH
˙pCOatm2 − G∗ ˙[CO2] (A1)

where the dot is the time derivative. Then, the last term involving surface ocean CO2 can be linked to the surface
ocean budget of dissolved inorganic carbon (C, Equation 1) via the use of carbonate chemistry (Equation 2).

∂[CO2]
∂t

=
∂[CO2]
∂DIC

∂DIC
∂t

=
∂[CO2]
∂DIC

{− ∇ · uC + ∇ · K∇C − B +
C
h
(E − P) +

F
h
} (A2)

Combining Equations A1 and A2, we eliminate the time derivative of [CO2]. The last term in Equation A2 in-
dicates the negative feedback from the air‐sea gas exchange. We rearrange terms such that we combine terms that
depend primarily on temperature in carbonate chemistry and solubility. Similarly, we combine terms that depend
on salinity in carbonate chemistry and the net evaporation minus precipitation. We then arrive at the expression
shown in Equation 4.
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Appendix B: Design of Iron and Alkalinity Release Experiments
In the ocean iron fertilization (OIF) simulation, 700 kg of dissolved iron is injected over five grid cells (570 km2)
for a 1‐month period during mid‐summer (January), when the background surface dissolved iron concentrations
are relatively low. Our objective is to estimate the amount of alkalinity addition required to induce a similar
impact on the surface ocean pCO2 in our ocean alkalinity enhancement (OAE) simulation, and thus to roughly
control for the overall degree of ocean carbon uptake while examining differences in carbon flux partitioning
between methods. The flux of iron is calculated as

700 kgFe / 570 km2 / 1 month = 1.22 kgFe / km2 / month = 1.22 mgFe / m2 / month

= 0.022 mmolFe m− 2 month− 1
(B1)

It is possible to stoichiometrically convert this amount of iron to organic carbon assuming a certain utilization
efficiency. For example, one may assume that added iron is utilized at 50% efficiency to increase net community
production beyond the background value. In the Southern Ocean, we expect Fe to be the limiting nutrient, and we
assume that organic ligand abundance is sufficient to retain all added Fe, so we set a relatively high utilization
ratio. This additional production of organic carbon equates to a loss of dissolved inorganic carbon (C) from
surface waters, which is translated into a decrease in surface water pCO2.

The ratio of iron to phosphorus in the model (Fe:P) is taken from Galbraith et al. (2010), which uses a Monod
function to reduce the Fe:P ratio as ambient dissolved Fe availability decreases. Based on an ambient dissolved Fe
level of 0.1 nM, the Fe:P molar ratio is 0.4 × 10− 3. Given a P:C ratio of 110,

0.022 mmolFe / m2 / month × 2.5molP / mmolFe × 110molC / molP × 0.5

= 3.1 molC m− 2 month− 1.
(B2)

This means that 3.1 molC will be removed per unit area over the 1‐month period. Considering a surface layer of
100 m thickness, this translates to 31 μmolC kg− 1 of carbon loss. We note that this number is probably unrealistic
since ocean currents and turbulent mixing will immediately spread the injected iron over a much wider area. We
also assume that the degree of dilution is the same between iron and alkalinity, which is probably not entirely
accurate due to different spatial gradients. The assumed 50% iron utilization efficiency may also be unrealistic.
However, with these uncertainties in mind, our goal here is to roughly estimate the amount of alkalinity needed to
induce a similar amount of carbon removal—for example, a perturbation of − 31 µmolC kg− 1 in surface waters.

To first order, the required amount of alkalinity change (∆Alk) for a given C perturbation (∆C) can be estimated
as follows:

ΔAlk = 1.23 × ΔC = 1.23 × 31 μmolC / kg = 37 μeq kg− 1 (B3)

Considering a surface layer of 100 m thickness, this translates to 3.7 eq m− 2 month− 1 of alkalinity injection over a
1‐month period. The total amount of alkalinity required is therefore:

3.7 eq / m2 / month × 570km2 × 1 month = 3.7 eq /m2 × 570 × 106 m2 = 2.1 Geq. (B4)

This is the total amount of estimated alkalinity required to induce a CO2 drawdown equivalent to the effects of a
700 kg Fe release. The imposed fluxes are placed in the northern fringe of a cyclonic eddy at the equatorial frank
of the Subantarctic Front (SAF) 139°W, 48°S.

Data Availability Statement
The Jupyter Notebook to execute the stochastic box model in Section 3 of the paper is hosted at the Github re-
pository and the results can be replicated on a cloud server (Ito, 2024). Modifications to the Massachusetts
Institute of Technology General Circulation Model source code and scripts and instructions to reproduce input
files for the regional Southern Ocean model simulations are available as the Regional Southern Ocean package
(Ito & Jersild, 2020) and are documented in detail in Ito (2022).
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