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Abstract

Nickel (Ni) is a micronutrient that plays a role in nitrogen uptake and fixation in the modern
ocean may have impacted rates of methanogenesis on geological timescales. Here we present the
results of a diagnostic model of global ocean Ni fluxes which addresses key questions about the
biogeochemical processes which cycle Ni in the modern oceans. Our approach starts with
extrapolating the sparse available observations of Ni data from the GEOTRACES project into a
global gridded climatology of ocean Ni concentrations. Three different machine learning
techniques were tested, each relying on marine tracers with better observational coverage such as
macronutrient concentrations and physical parameters. The ocean transport of this global Ni
concentration field is then estimated using the OCIM2 ocean circulation inverse model, revealing
regions of net convergence or divergence. These diagnostics are not based on any assumption
about Ni biogeochemical cycling, but their spatial patterns can be interpreted as reflecting
biogeochemical processes. We find that the spatial pattern of Ni uptake in the surface ocean is
similar to phosphate (P) uptake, but not silicate (Si) uptake, suggesting that Ni is not
incorporated into diatom frustules. We find that Ni:P ratios at uptake do not decrease with Ni
concentrations approaching 2 nM, which challenges the hypothesis of a ~2 nM pool of non-
bioavailable Ni in the surface ocean. Finally, the net regeneration of Ni occurs deeper in the
ocean than P remineralization, which could be explained by reversible scavenging or the
presence of a refractory Ni phase.

Plain language summary

Nickel is an important micronutrient for algae which live in the oceans. Here we have built a
computer model which predicts where algae take nickel out of seawater in the surface ocean, and
where they release nickel back into the dissolved phase after they die and sink into the ocean
abyss. To build this model we first needed to predict the nickel concentration in global oceans
based on a few simple parameters such as temperature, salinity, and the concentration of other
nutrients. We then use model output to understand biogeochemical process such as what sorts of
phytoplankton take nickel out of seawater, whether hard-shelled diatoms incorporate nickel into
their shells (frustules), and whether nickel is adsorbed from the dissolved phase onto sinking
particles in the ocean.
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1 Introduction

1.1 The cycling of Ni in the global oceans

Nickel (Ni) is a nutrient for phytoplankton in the oceans. It is a cofactor for important
enzymes including Ni superoxide dismutase (NiSOD), which detoxifies superoxide radicals
(Dupont et al., 2008; Qiu and Price, 2009; Alfano and Cavazza, 2020), urease, which facilitates
uptake of the nitrogen from the N-containing molecule urea (Dupont et al., 2008; Biscér¢ et al.,
2018; Alfano and Cavazza, 2020), and NiFe hydrogenase, which catalyzes the reaction of
hydrogen gas to protons and electrons and is involved in nitrogen fixation (Tuo et al., 2020).
Nickel is also crucial for methanogenesis as a cofactor for the enzyme methyl-coenzyme M
reductase (MCR), leading to the speculation that Ni availability in the past oceans played a key
role in controlling methanogenesis, and therefore oxygenation of the atmosphere (Konhauser et
al., 2009; Wang et al., 2019; Zhao et al., 2021).

Nickel has a nutrient-like distribution in the oceans. It is depleted in the surface ocean
compared to the deep ocean, and it exhibits increasing concentrations from the deep Atlantic to
the deep Pacific Ocean (Fig. 1), which is characteristic of elements that are incorporated into
biological tissue in the surface ocean and regenerated at depth where they accumulate along the
deep ocean ‘conveyor belt’ (John and Sunda, 2018; Schlitzer et al., 2018; GEOTRACES
Intermediate Data Product Group, 2021). While these broad patterns in the global distribution of
Ni are easily explained, key details of Ni biogeochemical cycling are still debated, including
whether Ni is incorporated into diatom frustules and whether all Ni in the surface oceans is
bioavailable.

1.2 Key hypotheses regarding the marine biogeochemical cycling of Ni

First we consider the hypothesis that Ni is incorporated into diatom frustules, which arises
from experimental and field data on diatoms as well as from patterns in the global distribution of
Ni in the oceans. Analysis of diatoms by SXRF mapping shows that large amounts of Ni are
present on the outside of diatoms in the same location where Si from diatom frustules is observed
(Twining et al., 2012). The addition of silicate (Si) to equatorial waters promoted a large
drawdown in Ni, further suggesting that Ni is incorporated into diatom frustules (Twining et al.,
2012). This idea is supported by the fact that Ni has a deeper concentration maximum than soft-
tissue macronutrients N and P, particularly in the North Pacific, yielding a Ni depth profile
which is reminiscent of Si, which is remineralized slower from dissolving diatom frustules and
thus deeper in the water column. Incorporation of Ni into the crystal matrix of diatom frustules
could explain all of these observations.

However, recent work suggests that Ni is not present in diatom frustules. It was found that
nearly all of the Ni in both laboratory-cultured and natural diatoms is found in the HNO3-soluble
soft-tissue, rather than in the HF-soluble silicate frustules (John et al., 2022). A recent
biogeochemical model was able to obtain the observed, Si-like, deep regeneration of Ni either
through reversible scavenging of Ni onto sinking particulate matter or by slower regeneration of
Ni compared to P for some other reason (John et al., 2022).

A second key hypothesis regarding Ni global biogeochemical cycling posits the existence of
a refractory Ni pool. That a fraction of dissolved Ni in the surface oceans is not bioavailable has
been invoked to explain the fact that Ni is never depleted below ~1.7 nM, compared to maximum
deep concentrations around 10 nM, while macronutrients N, P, and Si, and many other trace-
metals such as Fe, Zn and Cd are depleted by orders-of-magnitude compared to their deep ocean
maxima (John and Sunda, 2018). However, the uptake of Ni in the high-latitudes only depletes
Ni down to concentrations around 2 nM in the oligotrophic gyres, leading to the suggestion that
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Ni is comprised of biologically-available pool which dominates in the deep ocean, and a separate
~2 nM non-bioavailable pool of Ni which is never depleted in the surface ocean (Price and
Morel, 1991; Mackey et al., 2002; Wen et al., 2006). A ~2 nM non-bioavailable pool of Ni has
also been invoked to explain patterns of Ni isotopes in the surface oceans, which are
anomalously high at lower Ni concentrations compared to what would be expected based on
simple Rayleigh fractionation, but could be explained by mixing of bioavailable and non-
bioavailable pools of Ni with different §°°Ni signatures (Archer et al., 2020; Lemaitre et al.,
2022).

Recent experimental and modeling work calls into question the existence of a non-
bioavailable Ni pool. Specifically, it has been shown that Ni in natural seawater is chemically
labile to EDTri-A functional groups on Nobias resin, and is biologically available to several
species of cyanobacteria and diatoms in culture, when the seawater culture media is amended
with extra macronutrients, with both experiments showing that Ni can be drawn down well
below the ~2 nM threshold (John et al., 2022). These observations are reconciled with the lack of
Ni depletion in oligotrophic gyres by a biogeochemical model in which Ni is depleted slightly
more slowly than macronutrients from upwelling waters, such that the ~2 nM Ni observed in
oligotrophic gyres is simply the amount of Ni that is ‘left over’ after macronutrient depletion.

1.3 Prognostic and diagnostic ocean Ni models

The only previous effort to model Ni in the global oceans, of which we are aware, is a
mechanistic biogeochemical model, or a ‘prognostic’ model, built using the AWESOME OCIM
framework (John et al., 2020). This model included the processes of biological uptake and
remineralization of soft-tissue Ni, and in some cases reversible scavenging of Ni onto sinking
particles, all occurring within the realistic global ocean circulation prescribed by OCIM 1.0 (the
Ocean Circulation Inverse Model; DeVries, 2014). This prognostic model was able to skillfully
reproduce the global distribution of Ni in the global oceans (R? = 0.95), and was useful in
formulating and evaluating the hypotheses described above.

A different approach for exploring the biogeochemical processes that cycle elements in the
ocean is to use what we here call a ‘diagnostic’ model. Instead of explicitly parameterizing every
biogeochemical process, a diagnostic model infers them by other means. Specifically, it is
possible to determine if biogeochemical processes add or remove a metal from the dissolved
phase from the spatial patterns of other tracers and/or using a model of the ocean circulation.
With the advent of global scale trace-metal sampling programs such as GEOTRACES, it has
become possible to build such diagnostic models for metals, as has been successfully done for Zn
(Roshan et al., 2018), Cu (Roshan et al., 2020), Cd (Roshan and DeVries, 2021), and DOC
(Roshan and DeVries, 2017).

The diagnostic modeling approach used here is to calculate the transport of Ni by physical
circulation, and infer biogeochemical fluxes of nutrients from any imbalance between transport
sources and sinks (Fig. 2). The ocean circulation model completely determines the movement of
water between neighboring grid cells. Thus, if the Ni concentration in every model grid cell is
known, it becomes possible to calculate the rate at which Ni is being transported into and out of
every grid cell.

When performing such calculations for ocean nutrients, it is typical to find a net supply of
nutrients into surface ocean grid cells by water transport. This occurs because surface ocean
nutrient concentrations are low, while concentrations in nearby subsurface grid cells are higher,
so that exchange of water between the surface and subsurface ocean grid cells results in a net
upwards flux of dissolved nutrients. Conversely, grid cells deeper in the ocean typically
experience a net loss of nutrients by physical transport. As described below, the maintenance of
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steady-state nutrient distributions in the ocean thus requires invoking additional processes such
as the removal of nutrients from surface waters by phytoplankton uptake, and the addition of
nutrients into the deep ocean by remineralization.

Sources and sinks of elements due to physical water transport can be described using various
terminology. For example, one might describe a net supply of dissolved nutrients into the surface
ocean by water transport as a ‘transport flux convergence’. Alternatively, it is common in
modeling and engineering to describe flux in terms of their divergences, in which case it would
be most accurately described as a ‘negative net transport flux divergence’. Colloquially, this
could be described as a net supply of nutrients to the surface ocean by transport. In the deep
ocean, nutrient elements typically have a positive net transport flux divergence, corresponding to
a net loss of nutrients by water transport.

Because of mass conservation, in steady state, the external sources (e.g., remineralization)
and sinks (e.g., biological uptake) of a dissolved tracer must balance its flux divergence due to
physical circulation only. We emphasize that the key feature of this diagnostic modeling
approach is that it does not involve any explicit biogeochemistry calculation. That is, the flux
divergence is calculated at every grid cell and highlights the spatial regions over which an
element must be added or removed to be in balance, without any assumptions about what sorts of
biogeochemical processes would account for this addition or removal. None the less, such
calculations of transport divergences often have obvious biogeochemical meanings, for example
the negative net transport divergence in the surface ocean reflects uptake of an element by
phytoplankton, while the positive net transport divergence in the deep ocean reflects
remineralization.

In order to build a diagnostic model such as described above, it is necessary to know the
concentration of the dissolved tracer in every model grid cell. This is typically straightforward
for macronutrients and other factors for which global climatologies are available (e.g., the World
Ocean Atlas). However, even with the dramatic increase in the availability of trace-metal
concentration data from the GEOTRACES program (Schlitzer et al., 2018; GEOTRACES
Intermediate Data Product Group, 2021), global climatologies for most trace metals are not yet
available. Thus, diagnostic models of trace-metal cycling first require an extrapolation for
determining the global distribution of the element, which can be accomplished by machine-
learning, e.g., using Artificial Neural Networks (ANNs) (Roshan et al., 2018; Roshan et al.,
2020; Roshan and DeVries, 2021).

Here, we present a new diagnostic model of Ni fluxes in the global ocean. This model is used
to further explore key questions regarding the global Ni cycle, such as whether Ni is significantly
incorporated into diatom frustules, causes of the relatively deep concentration maximum
observed for Ni, and whether Ni in surface ocean oligotrophic gyres is bioavailable. This work
thus complements an earlier prognostic model of Ni biogeochemical cycling (John et al., 2022),
by using a very different modeling approach.

2  Methods
2.1 General approach

This project was implemented in a combination of modeling environments. Machine learning
predictions of Ni concentrations in the global ocean were performed in MATLAB, using tools
available as part of the AWESOME OCIM modeling environment (John et al., 2020). Nutrient-
restoring and boundary-condition modeling was performed in Julia using the AIBECS modeling
framework (Pasquier, 2019). AIBECS output was then imported back into
MATLAB/AWESOME OCIM for additional data processing and plotting. All code used in this
project is available at https://github.com/MTEL-USC/nickel-diagnostic-model.
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2.2 Producing a global climatology of dissolved Ni

Machine learning techniques provide a means to extrapolate sparse observations of Ni
concentrations onto an entire global ocean model grid. Here we have started with Ni
concentration data as reported in the GEOTRACES 2021 Intermediate Data Product
(GEOTRACES Intermediate Data Product Group, 2021). Placing these data onto the OCIM v1.0
grid (averaging all points within each model grid cell) we fill in only 2% of wet grid cells with
Ni concentrations (4756 out of 200160). Predictors used in the machine learning algorithms
included World Ocean Atlas 2009 nitrate, phosphate, silicate, oxygen, salinity, and temperature,
as well as depth, and the sine and cosine of latitude. The cosine of latitude has a maximum at the
equator and decreases towards both poles (as opposed to sine of latitude which increases
monotonically toward the north).

Three different methods were explored for their ability to reproduce observed Ni, and
extrapolate to create global Ni climatology fields, including multiple linear regression (MLR),
artificial neural networks (ANNSs), and decision trees. Each of these three methods was tested by
creating 100 prediction models, each trained on a random 10% of the gridded Ni concentration
observations, using the MATLAB fitlm, fitrnet, and fitrtree functions. Each of the
100 models were then tested on the validation dataset comprised of the other 90% of the gridded
observations. MLR, ANN, and decision tree models all performed with a similar level of skill on
both training and validation datasets, with slopes for a comparison of predicted and observed Ni
between 0.99 and 1.00 and R? values between 0.95 and 0.99 for the training dataset and 0.92 to
0.94 for the validation dataset (Table 1). Based on data from all 100 models run for each method,
the MLR model appeared least prone to producing spurious data for the validation dataset (Fig.
3). The MLR model has a good fit to Ni observations over various ocean regions (R> = 0.95,
Table 1, Figs. 3, 4), and is also the simplest model. Thus, we chose the MLR model to produce
the global Ni climatology upon which the restoring model was built.

2.3 Smoothing nutrient distributions with a restoring model

With a global climatology of nutrient distribution and a circulation transport matrix, it should
be possible, in theory, to directly calculate flux convergences for every model grid cell. In
practice, however, combining raw data-derived climatologies and OCIM circulations produces
results with significant numerical noise, and does not provide useful information even after
averaging over large spatial regions. Thus, it is necessary in practice to first generate OCIM-
compatible climatologies. These climatologies are smoother than the original climatologies from
the World Ocean Atlas (for phosphate and silicate) or from the machine learning prediction (for
Ni), but more importantly these climatologies are consistent with small-scale variability in water
mixing and transport present with OCIM circulation matrices. Mathematically-focused
descriptions of nutrient restoring models are presented in the work of Roshan, DeVries and
coauthors (2015; 2017; 2018; 2021). Here we describe the process from a more practical
perspective.

OCIM-compatible climatologies of Ni, phosphate, and silicate are created with nutrient
restoring models built within the AIBECS modeling framework (Fig. 5). AIBECS (Algebraic
Implicit Biogeochemical Elemental Cycling System) is built in the open-source Julia language
and provides tools for biogeochemical modelers, with a particular focus on incorporating OCIM
circulations and providing tools for rapidly computing steady-state model solutions (Pasquier et
al., 2022). Using AIBECS, the concentration of tracer x is computed by restoring it towards the
observed value in each grid cell (xobs) via the tracer equation:



Manuscript submitted to Global Biogeochemical Cycles

dX/dt =0=-Tx+ m(x = xobs)(z < Zsurf) + m(z < Zsurf) (1)

Tsurf Tdeep

where —T x is the transport flux divergence by physical circulation, zsur is the depth separating
the surface and deep oceans, and zurr and zgeep are the restoring timescales in the surface and
deep ocean, respectively. The flux-divergence term —T x allows concentrations to mix and
homogenize between nearby model grid cells, while the restoring timescales zurr and zueep restore
model concentrations back to observations by pushing x towards xobs. The constraint (X > Xps)
assures that there is no biological uptake taking place in the surface ocean when the simulated
tracer concentration is already lower than observations, and thus that negative concentrations are
not determined for the surface ocean

2.4 Calculating the global transport divergences

Transport flux divergences for Ni, phosphate, and silicate were calculated 200 times using a
random assortment of parameters in order to create the OCIM-compatible climatologies. For
each run of the nutrient restoring model, one of ten OCIM 2 climatologies were chosen (DeVries
and Holzer, 2019), a value between 1 to 9 months for 7.+, a value between 5 to 20 years for
Tdeep, and a value of zgur of either 74 or 114 m, corresponding to either the upper 2 or 3 model
layers.

For each of these sets of parameters, the climatology was created for Ni, phosphate and
silicate using the nutrient-restoring model described above. This climatology (x) was then
multiplied by the transport matrix (=T ) in order to estimate the transport flux divergence. The
200 transport flux divergence estimates were averaged together to provide an averaged global
distribution of flux divergences due to the circulation, which are used as the basis for further
interpretation (Fig. 6).

3 Results and discussion
3.1 The factors which predict Ni concentrations in the oceans

Both MLR and decision-tree models provide a framework for evaluating which factors are
most important for predicting Ni concentrations. It is important to note that this only reflects the
importance of that factor in predicting Ni concentrations, and does not necessarily imply that the
factor has a causal impact on Ni concentrations. Indeed, factors of high predictive importance
may simply be impacted by another important process (such as biological uptake) in similar
ways, or could even have a purely coincidental relationship.

For the MLR model, we evaluate the most important predictors based on the #-statistic for
each variable in the linear regression equation (Table 2). We find that silicate is the most
important predictor for Ni concentration with an average absolute value of # of 21.3 over all 100
fits tested, each based on just 10% of the observations. This reflects the overall similarity
between silicate and Ni distributions in the oceans. Other important predictors include phosphate,
oxygen, cosine of latitude, and depth (r=5.8 £1.0,5.2+ 12,49+ 1.1,and 4.1 + 1.0,
respectively).

The relative importance of different factors in the decision tree algorithm is calculated based
on the summed mean-square error due to splits on every predictor, divided by the total number of
branch nodes. The three important predictors overall all 100 runs were the macronutrients
silicate, nitrate, and phosphate (0.020 £ 0.017, 0.018 £ 0.019, and 0.014 £ 0.015, respectively).
Interestingly, the standard deviation for these importance factors over the 100 models built with
different training datasets was similar to, or even greater than, the absolute magnitude of the
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importance factors. Yet, all 100 models performed quite well at predicting Ni concentrations of
the entire dataset (Fig. 3, Table 1). This reflects the fact that very different decision tree models
are able to produce similar Ni concentration distributions, taking different paths to a similar
outcome.

3.2 Surface ocean uptake patterns

The net transport flux divergence of Si is negative in the surface oceans, reflecting supply of
Si to the surface ocean by water transport, and being interpreted here as biological Si uptake.
This transport flux is, as expected, most intense in the surface ocean at high latitudes (Figs. 6,7).
Si uptake is highest between roughly 80°S and 60°S and decreases northward between 60°S and
40°S, with near-zero uptake across the oligotrophic gyres and equator. This reflects the rapid
biological uptake of Si uptake by diatoms in cold, upwelling high-latitude waters.

Similarly, the transport flux of phosphate and Ni in the surface ocean is also most
pronounced at high latitudes, but is more evenly distributed across latitudes (Figs. 6,7). The
zonally averaged biological uptake of Ni and phosphate does not approach zero in subtropical
latitudes as much it does for Si, and has a noticeable increase at the equator, presumably
reflecting enhanced productivity due to equatorial upwelling. An overall similarity in the patterns
of Ni and P uptake is seen when directly comparing their uptake rates (Fig. 7), where the relative
uptake rates vary between 1 and 3 (uM/nM), but there is no clear patterns in the latitudinal
distribution of this ratio. In contrast, Ni uptake compared to Si uptake has a clear latitudinal
pattern, being greatly depressed at polar latitudes, and much higher at tropical and subtropical
latitudes. These features support the conclusions from previous work suggesting that most
biologically-cycled Ni is not present in diatom frustules (John et al., 2022). If significant
amounts of Ni were present in diatom frustules, we would expect that surface uptake patterns of
Ni would be more similar to those of Si, while in fact we find that surface ocean Ni uptake
patterns are more similar to P.

Phosphate and Ni uptake patterns in the surface ocean also support our previous work
suggesting that there is not a ~2 nM pool of non-bioavailable Ni. If that were the case, we would
expect Ni/P uptake ratios to decrease dramatically as Ni concentrations approach 2 nM. Instead,
we actually observe a slight increase in Ni/P uptake ratios in parts of the surface ocean where Ni
concentrations are near 2 nM, though the differences in uptake rates are not significantly
different for any Ni concentration range (Fig. 8).

3.3 Regeneration of Ni in the deep oceans

Net transport divergences of Ni, phosphate, and silicate are positive in the deep ocean,
reflecting input of these elements from regeneration of sinking particles (Figs. 6, 9). For silicate
this regeneration is interpreted as the redissolution of diatom frustules, while for phosphate this
is interpreted as the remineralization of sinking organic matter. As expected because of the
presence of Si within the refractory crystalline matrix of diatom frustules, Si is regenerated much
more deeply in the water column than P. For example, 77 % of P regeneration occurs above 1000
m depth and 93 % occurs above 3000 m depth, while for Si these proportions are just 36 % and
68 %, respectively. The regeneration flux of Ni is intermediate between that of Si and that of P,
with 58 % and 86 % of regeneration occurring above 1000 m and 3000 m, respectively.

There are a number of different possible explanations for the intermediate length scale of Ni
regeneration (between Si and P). For example, it has been suggested that diatoms contain
significant Ni within their frustules, which would suggest that soft-tissue phytoplankton Ni
regenerates with P in the upper water column, while the Ni contained with the frustules
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regenerates deeper in the water column along with Si (Twining et al., 2012). However, as
discussed above, previous work shows that neither cultured nor natural ocean diatoms contain a
significant amount of Ni within their silicate frustules (John et al., 2022). Also, the results of this
diagnostic modeling exercise show that Ni uptake is coupled to P, not Si. The process by which
Ni is regenerated deeper in the ocean than P is not clear. Because biological Ni is thought to be
located mostly at the active site of metalloenzymes, it would be expected to be released from
cells during the regeneration of macronutrients N and P. Thus, if biological uptake of Ni into soft
tissue and remineralization of that Ni were the only process by which Ni is regenerated we would
expect its regeneration profile to look very similar to that of P. Possible explanations for the
deeper regenation of Ni include a high stoichiometric proportion of Ni in a class of organisms
which remineralizes more deeply in the water column such as rapidly-sinking diatoms, the
presence of a presently-unknown refractory phase of biological Ni, or the reversible scavenging
onto sinking particles, which acts to slowly remove metals from the upper ocean and release
them again in the deeper ocean, such that net regeneration of Ni occurs deeper in the ocean than
P.

Our model calculations of preformed and regenerated P, Si, and Ni concentrations support
the conclusions based on the regeneration rates calculated from the transport convergence (Fig.
10). While transport convergences provide the net in situ rates at which elements are regenerated,
a comparison of preformed and regenerated nutrients illustrates the integrated impact of
regeneration on elemental concentration over the entire timescale of deep-ocean mixing. Again
we see a pattern whereby Ni regeneration appears to lie between P and Si. Specifically, by
subtracting preformed P from total P we can isolate the portion of P in the deep oceans which is
attributable to regeneration. Regenerated P has a distinct maximum in the upper ocean around
1000 m. In contrast regenerated Si increases towards the deep ocean, with highest values
observed in the abyssal ocean. The depth distribution of regenerated Ni is intermediate between
these two extremes.

4 Conclusions

An earlier mechanistic (prognostic) model of Ni cycling in the global oceans highlighted
several important processes that control the distribution of nickel in the global oceans, including
slower uptake of Ni compared to macronutrients from upwelling waters, slow Ni regeneration or
reversible scavenging of Ni onto sinking particles, and the absence of a non-bioavailable form of
Ni in the surface oceans (John et al., 2022). The work presented here complements our previous
findings using a very different approach. Here we inferred the processes that control the spatial
distribution of Ni in the oceans by diagnosing the transport divergences of Ni due to the ocean
circulation only, without first making any assumptions about the biogeochemical processes that
might underlie Ni distributions.

The diagnostic modeling approach taken here largely supports the earlier prognostic
approach. We find strongly co-located patterns of Ni uptake and P uptake in the surface ocean,
with both elements taken up much more substantially at lower latitudes compared to Si, which is
depleted at higher latitudes, consistent with the assumption of our previous mechanistic model
that Ni is not present in diatom frustules. We also find that Ni regeneration occurs deeper in the
water column than P, though not as deep as silicate, which is consistent with the assumption of
our previous mechanistic model that Ni is brought deeper into the ocean either due to slower Ni
remineralization compared to P or via reversible scavenging.

Finally, we hope that this manuscript will serve as a useful guide for other researchers with
an interest in the diagnostic modeling techniques used here. This follows in the footsteps of other
recent projects such as the AWESOME OCIM (John et al., 2020), which aims to put OCIM
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modeling tools in the hands of non-expert modelers, and AIBECS (Pasquier, 2019; Pasquier et
al., 2022) which follows a similar approach but includes more sophisticated modeling tools, non-
linear solvers, and is written in the open-source Julia language. As much as possible, this
manuscript has been written in language which is approachable to an audience without a strong
background in linear algebra and coding, as there are other manuscripts which present the same
techniques in a more mathematically-focused fashion (Roshan and DeVries, 2017; Roshan et al.,
2018; Roshan et al., 2020; Roshan and DeVries, 2021). With the advent of global-scale sampling
projects such as GEOTRACES (Anderson, 2019) and BioGeoSCAPES, we anticipate a greater
need for tools which facilitate the use of models by scientists with a background in fieldwork and
sample analysis, and hope that this manuscript will aid in that effort.
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Training dataset Validation dataset Full dataset
Model AP slope R? slope R slope
Multiple linear regression 0.95 0.992 0.94 0.992 0.94 0.992
Artificial Neural Network 0.97 0.996 0.95 0.995 0.95 0.996
Decision Tree 0.99 0.994 0.92 0.994 0.93 0.994

Table 1. Performance of the three different models used to predict global Ni concentrations,
including multiple linear regressions, regression neural networks, and regression decision trees.
The fit between observations and model predicted concentrations (R?) and slope of observations
compared to model prediction is presented as the average for 100 different models of each type,
where each model was run on a training set comprised of a random 10 % of the observations, a
validation dataset comprised of the other 90 % of observations, and the full dataset containing all
observations.

Prediction factor Multiple linear Decision tree
regression If predictor importance

Intercept 1.5+£141 -
Phosphate 58+1.0 0.014 £ 0.015
Nitrate 0.8+0.6 0.018 £ 0.019
Silicate 21.3+1.8 0.020 + 0.017
Oxygen 52+1.2 0.0004 + 0.0003
Temperature 1.0+£0.7 0.0007 + 0.0008
Salinity 19+1.2 0.0007 £ 0.0004
Depth 41+1.0 0.0001 £ 0.0001
sine latitude 0.7+ 0.5 0.0004 + 0.0004
cosine latitude 49+141 0.0001 £ 0.0001

Table 2. The importance of various predictors used in the linear regression and decision tree to
predict Ni concentrations, reported as the absolute value of the #-statistic for linear models and
the predictor importance (see text for a full description) for the decision trees. Values are
reported as the average for 100 models, each trained on 10 % of the observational data, and the
standard deviation for those models.
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Figure 1. Phosphate, silicate, and nickel concentrations in the North Atlantic and North Pacific
oceans between 35° N and 65.6° N, taken from the GEOTRACES 2017 Intermediate Data
Product. Mean and std from IDP17?
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Figure 2. The diagnostic modeling approach first calculates the steady-state transport fluxes of
the dissolved element into and out of every model grid cell with water mixing and advection.
Any net gain or loss of the element from physical transport can subsequently be attributed to a
biogeochemical process, such as loss of a nutrient element from surface boxes by incorporation
into phytoplankton biomass and sinking of those particles, or a source of the element in the
deeper ocean due to particle remineralization.
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Figure 3. Three different types of models were used to predict the concentrations of Ni in the
oceans. One hundred models were constructed using each approach, with each individual model
based on 10 % of the Ni observations from the GEOTRACES 2021 Intermediate Data Product
and then tested by comparing observed and model-predicted Ni on the full dataset. Shown here
are the results of all 100 tests, both showing every pair of observations and model predictions (a-

c) and as the percentile data density in a probability density function (d-f).
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Figure 4. Nickel observations from the 2021 GEOTRACES Intermediate Data Product (circles)
are compared with Ni concentrations predicted from the multiple linear regression (MLR) model,
shown here averaged over different depth horizons.
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Figure 5. A comparison of the observational data before and after processing through a nutrient-
restoring model. Phosphate and silicate data from the 2009 World Ocean Atlas is gridded onto
the OCIM model grid, while nickel is predicted using a multiple linear regression. All data is
shown as along a single representative transect through the Pacific Ocean at 161° W, and
smoothing-restored distributions reflect the model output from a single run of the nutrient-
restoring model.
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Figure 6. Global ocean fluxes of phosphate, silicate and nickel calculated as the transport
divergence, such that a negative transport divergence in the surface ocean reflects net supply by
transport and can be interpreted as being balanced by biological uptake, and the positive
transport divergences in the deeper ocean reflect net removal by transport and are interpreted as
reflecting input from regeneration.
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Figure 7. Global meridional mean nutrient transport convergences in the surface ocean,
interpreted here as reflecting the biological uptake of phosphate, silicate, and nickel. Also shown
are the relative rates of Ni/P uptake and Ni/Si uptake. Shaded regions represent the 1o standard
deviation across the 200 different nutrient restoring models used for this study.
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Figure 8. The ratio of surface Ni uptake to P uptake in the surface oceans are binned based on Ni
concentration, in order to show that the relative Ni uptake rates do not decrease as Ni approaches
2 nM. Shown are the median value (red lines), 25" and 75™ percentile (blue boxes), and total
extent of the data (black dashed lines).
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Figure 9. Global average depth profiles of the nutrient transport divergence, interpreted here as
reflecting the net regeneration of phosphate, silicate, and nickel, where the shaded regions
represent the 1o standard deviation across the 200 different nutrient restoring models used for
this study (a-c). Each profile is also summed and normalized to the total regeneration flux in
order to show the cumulative regeneration with depth (d-f).
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Figure 10. Globally averaged preformed and regenerated concentrations of phosphate, silicate,
and nickel are shown as the darker and lighter shaded areas, respectively, while the total
concentrations plotted as dark lines are simply the sum of these two (a-c). The global average
concentrations of regenerated phosphate, silicate, and nickel are also plotted together in order to
better compare their depth distributions, normalized to the maximum concentration (d).



