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Abstract
Marine diazotrophs

x dinitrogen gas into bioavailable nitrogen that drives the ocean nitrogen cycle; yet,

efforts to infer global diazotroph distributions have been limited by a sparsity of observations. In situ measure-

ments of nifH gene abundance (essential for nitrogen

xation) are increasingly being used to inform the bioge-

ography of diazotrophs. However, comparing such gene abundances spatially, temporally and between
diazotroph species remains dif cult. We synthesize existing data on gene-to-cell and cell-to-biomass conversions

for four major diazotroph groups to convert

nifH gene counts to abundance- and biomass-based biogeographic
“currencies.” Results suggest up to two orders of magnitude uncertainty converting from
to cell abundance, and up to four orders of magnitude uncertainty from

nifH gene abundance
nifH gene abundance to biomass.

Uncertainty arises due to large taxonomic variation in cell size and presumed polyploidy, that is, variability in
the number of genomes per cell. Such uncertainties hinder comparing biogeographies of different species.
Additionally, numerical models need biogeographies for validation, typically in the currency of carbon biomass.

Here, we show that conversion uncertainty from

nifH gene abundance to biomass overwhelms biomass variabil-

ity simulated in such models. These results demonstrate a basic currency problem in converting gene abundance
observations to biogeographically meaningful quantities for synthesizing studies and modeling approaches.
Such issues may also have relevance to other genes and organisms beyond diazotrophs. To avoid biases in
interpreting gene counts as a measure of abundance, we suggest converting gene counts to a binary presence/
non-detect metric to map broad biogeographical distributions more robustly.

The conversion of N , gas to biologically available nitrogen
(nitrogen  xation) is a central process in the global nitrogen
cycle which helps modulate the productivity of global
ecosystems and the capacity for marine ecosystems to seques-
ter carbon (Falkowski 1997; Galbraith et al. 2008). Marine
nitrogen- xing organisms —“diazotrophs "—consist of a group
of bacteria and archaea observed mostly in nitrogen-limited
surface waters of the tropical and subtropical oceans (Sohm
et al. 2011; Zehr 2011) and in sediments (Capone et al. 2008),
but also in coastal and temperate waters (Mulholland
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et al. 2012; Tang et al. 2019) and high-latitude oceans (Blais
et al. 2012; Diez et al. 2012; Harding et al. 2018). The growth
of diazotrophs drives the main biological source of xed nitro-
gen to the global ocean (Falkowski 1997). There have been
several attempts to synthesize the distribution of marine nitro-
gen xation (Sohm et al. 2011; Luo et al. 2012), diazotrophic
diversity (Farnelid et al. 2011; Gradoville et al. 2017; Pierella
Karlusich et al. 2021), and the mechanistic controls on
diazotroph distributions (Ward et al. 2012; Dutkiewicz
et al. 2014; Tang and Cassar 2019). However, the sparsity and
methodological variety of observations have hindered our
ability to consistently map global diazotroph biogeography.
Here, we de ne biogeography as the geographical distribution
of diazotrophs in terms of cellular abundance (abundance bio-
geography) and biomass (biomass biogeography). Each biogeo-
graphic currency may be more useful for particular
applications. For example, cellular abundance biogeography
may be required to understand gene  ow in diazotrophic
populations and population connectivity, while biomass
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biogeography may be more important for determining nitro-
gen xation potential, validation of numerical models, and as

a basis for understanding the controls on diazotrophy. All
these applications are important to pursue to determine how
diazotroph distributions, and by extension, nitrogen xation
might change in a future warmer ocean. We do not explicitly
consider rates of nitrogen  xation but note that diazotroph
biomass is a precursor for nitrogen and that nitrogen xation
rates likely correlate with total diazotroph biomass (Tang and
Cassar 2019).

Diazotroph observations are often characterized in terms of
measured in-situ abundance of the nifH gene, which is an
essential gene in nitrogen  xation, encoding a structural com-
ponent of the nitrogenase enzyme (Luo et al. 2012; Tang and
Cassar 2019). The speci city of the nifH gene for nitrogen xa-
tion has made it an excellent target to assess the presence of
nitrogen xers and potential for nitrogen xation in the envi-
ronment. This measurement is based on the quantitative poly-
merase chain reaction (QPCR) or digital droplet PCR (ddPCR)
techniques, which measure the number of gene copies in a sea-
water sample (Short and Zehr 2005). The groups of marine
cyanobacterial diazotrophs most often targeted in gPCR-based
studies include unicellular groups (UCYN-Al, -A2, -A3,
UCYN-B, and UCYN-C) (seeTable 1 for the list of abbrevia-
tions), the lamentous non-heterocystous group Trichodesmium,
and heterocyst-forming symbionts of diatoms (Het-1, Het-2,

Table 1. List of abbreviations

NASG Atlantic Subtropical Gyre

EqAtl Equatorial Atlantic

SO Southern Ocean

Sind Southern Indian Ocean

Nind Northern Indian Ocean

SPSG South Pact Subtropical Gyre

EqPac Equatorial Pactc

NPSG North Pacic Subtropical Gyre

NPac North Paci ¢

Arctic Arctic Ocean

NAtI North Atlantic

Tri Trichodesmium

A UCYN-A

B UCYN-B

Ric Richelia

tot total nifH gene abundance

D15 Biogeochemical-ecosystem model component as in
Dutkiewicz et al. (2015)

D19 Biogeochemical-ecosystem model component as in
Dutkiewicz et al. (2019)

F18 Biogeochemical-ecosystem model component as in
Follett et al. (2018)

D21 Biogeochemical-ecosystem model component as in

Dutkiewicz et al. (2021)
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and Het-3) (Church et al. 2005a, b; Foster et al. 2007;
Thompson et al. 2014).

A new global compilation of in situ  nifH gene abundances
was recently published (Tang and Cassar 2019) and has
yielded important insights into the relationships of nifH gene
abundances with environmental conditions. Tang and
Cassar (2019) showed that the nifH gene abundance for differ-
ent diazotroph groups had unique quantitative distributions
and environmental controls. Tang and Cassar (2019) com-
bined cyanobacterial diazotrophs into four groups:
Trichodesmium Het-1, Het-2, and Het-3 aggregated as Richelig;
UCYN-AL, -A2, and -A3 together as unicellular cyanobacteria
group A (UCYN-A, Candidatus Atelocyanobacterium thalassp
and unicellular cyanobacteria group B (UCYN-B, Crocosphaera
watsonii). The database thus covers seven of the eight known
main marine cyanobacterial diazotrophs, missing just
UCYN-C. Brie y, Trichodesmiumis a lamentous, colony-for-
ming, non-heterocystous cyanobacterium, Richeliais a hetero-
cystous cyanobacterium, often grows as a symbiont of
diatoms, UCYN-A is an uncultivated cyanobacterium in a
symbiotic relationship with prymnesiophyte algae, and
UCYN-B is a unicellular, free-living cyanobacterium, which
can also be found as cell clusters (Foster et al. 2013) and in
association with the diatom  Climacodium frauenfeldianum
(Foster et al. 2011). We note that there are also non-
cyanobacterial diazotrophs, represent a large fraction of nifH
gene sequence diversity in marine systems (Farnelid
et al. 2011; Delmont et al. 2018) but are not considered here.
The knowledge of these diazotrophs is still very limited and
their contributions to marine N xation remain uncertain
(Moisander et al. 2017).

Despite its usefulness as an indicator of diazotrophic pres-
ence, nifH gene abundance may only weakly correlate with
cell abundance and diazotrophic biomass. Some diazotrophs
exhibit extreme polyploidy; for example,  Trichodesmium can
reportedly contain > 500 genomes per cell (Sargent et al. 2016;
White et al. 2018). Polyploidy appears to be diazotroph group-
speci ¢, as empirical observations suggest that other
diazotrophs such as UCYN-B have a much smaller range of
observed nifH genes per cell (Wilson et al. 2017; Pierella
Karlusich et al. 2021) (although we note a relatively small
number of studies on polyploidy in marine diazotrophs). It is
therefore dif cult to accurately compare relative abundance of
different diazotrophs or to infer cell abundance from nifH
gene counts. Additional uncertainties in converting nifH gene
abundance to biomass stem from group-speci c cell biomass
which differs within and across diazotrophs. UCYN-A cell bio-
mass, for example, can vary by a factor of 100 within the
group (Harding et al. 2018) while being orders of magnitude
lower compared to larger diazotrophs such as Trichodesmium
Furthermore, the qPCR approach used to count nifH genes in
the environment has fundamental limitations at the lowest
levels of detection and quanti cation (Bustin et al. 2020) and
can be complicated when the method is implemented on

2



Meiler et al.

mixed plankton communities. Finally, different diazotroph
groups may have different DNA extraction ef  ciencies which
may also vary across published studies (Short and Zehr 2005).

Taken together, large biological variability and methodo-
logical uncertainty obscures the connection between mea-
sured nifH gene abundance, cell abundance, and diazotroph
biomass. These uncertainties make it dif cult to assess
diazotroph abundance and biomass biogeography across gradi-
ents in the ocean. Moreover, these issues complicate compar-
ing contributions from different groups. For instance, Church
et al. (2008) and Gradoville et al. (2020) found strong gradi-
ents in nifH gene abundances (total and between different
groups) along North —South transects in the North Paci c.
Sharp declines in nifH gene abundance were observed near the
northern edge of the gyre which may suggest a transition to
regions of negligible diazotroph abundance or biomass. How-
ever, the biologically and biogeochemically meaningful
threshold of abundance may be dif cult to determine from
nifH gene abundance due to dif culties in reliable inter-
conversion of biogeographic currencies. These issues extend to
statistical models such as that of Tang and Cassar (2019).
Correlations between environmental factors (e.g., SST, salinity,
nitrate, and phosphate) and nifH gene abundances may not
necessarily provide knowledge of overall diazotroph cell abun-
dance, biomass distribution, or relative importance of the
different groups.

Concurrent with observational analyses, signi  cant effort
has been made in developing mechanistic computer models
to predict the distribution of diazotrophs (Langlois et al. 2005;
Monteiro et al. 2010; Dutkiewicz et al. 2014) and their role in
the nitrogen cycle (Krishnamurthy et al. 2009; Dutkiewicz
et al. 2012; Ward et al. 2012). These models describe matter
and energy transformations through inorganic nutrients, liv-
ing cells, and detrital matter using principles of mass-
conservation and simpli ed parameterizations of plankton
growth and loss. The main currency is plankton biomass
de ned in terms of carbon or nitrogen concentration. Devel-
opment of such models is critical to connect. Diazotroph dis-
tributions to the global nitrogen cycle and global carbon-
climate system. Evaluating these models with observations
remains an important goal but it is not clear how  nifH gene
observations should be used to this end.

Though experts in diazotrophs and microbial genetics might
appreciate the uncertainties listed above, non-experts may be
less familiar with these issues and may interpret nifH gene
abundance as more direct proxies for cellular abundance or bio-
mass. To our knowledge, there has not been a synthesis of the
different levels of uncertainty in converting from nifH gene
abundance or comparing between groups, which is important
with the public availability of global nifH gene databases like
Tang and Cassar (2019). Here, we aim to explore and quantify
the inter-conversion of nifH gene observations, cell abundance,
and biomass. We synthesize the literature on the reported
ranges of nifH gene per cell and carbon biomass per cell for
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Trichodesmium UCYN-A, UCYN-B, and Richelia We investigate
and discuss what these differences and uncertainties imply for
interpreting diazotroph biogeography from these data. We
show that the physiological and genetic diversity of dia-
zotrophic sub-groups are an important factor controlling cur-
rency conversion and associated uncertainties. Additionally, we
also consider how the level of uncertainties involved in infer-
ring biomass from nifH gene abundance makes these data dif -
cult to use to evaluate computer simulations of diazotrophs. To
partly avoid conversion uncertainty, we suggest using  nifH gene
abundance as a simpler binary presence/non-detect metric for
mapping broad diazotroph distributions. We highlight poten-

tial issues with this approach, while proposing regions of the
ocean where future nifH gene presence/non-detect observations
would provide disproportionately high value in constraining
diazotroph biogeography. Results from this study will help
bridge the gap between marine molecular observations, data-
driven inference of diazotroph biogeography, and ocean bio-
geochemical models. We hope this study will help focus efforts
on understanding the conversion of gene counts to more
meaningful biogeographic currencies. We believe the “currency
problem ” will also apply to other microbial groups whose abun-
dance is observed via gene counts.

Methods

Currency conversions

We consider both laboratory culture and in-situ samples
when searching the literature for published measurements
of 1M and mmIIC across the four diazotrophic groups. For 2
conversions we used eld-based measurements in which sepa-
rate samples were collected for nifH gene abundance and for
cell abundance (Krupke et al. 2013; White et al. 2018), except
for UCYN-B, for which nifH was quanti ed directly from a set
of enumerated cells (Wilson et al. 2017). The % values are
based on direct measurements of cell size (Foster et al. 2011;
Hynes et al. 2012; Wilson et al. 2017; Harding et al. 2018) and
previously published equations relating cell volume to cellular
carbon content for all groups (Strathmann 1967; Verity
et al. 1992). When calculating conversion factors for  Richelia
we account for the entire trichome existing of heterocycsts
and vegetative cells (Foster et al. 2007; White et al. 2018) and
add an extra assumption of one heterocyst and four vegetative
cells per lament. Conversions for the colony-forming
Trichodesmiumrequire conversions for free  laments and colo-
nial forms (Hynes et al. 2012). We calculate upper and lower
bounds for the product '(‘:'fTT: mmalC - which is required to
convert from nifH gene abundance to biomass. A detailed
description of conversion factors, sources, and source descrip-
tions is given as Supporting Information Appendix.

Global diazotroph biogeography
Using conversions found in the literature, we compare
nifH -inferred cell abundances and biomass across taxa and
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Table 2. Group-speci ¢ conversion factors from nifH gene abundance to diazotroph biomass gathered from the literature.

nifH : Cell mmolC : Cell mmolC : nifH Source
Trichodesmium (2.64-1012.45):1 1.48 10 °-4.75 10 © 146 10 2-1.80 10 ®  White et al. (2018), Hynes et al. (2012), Verity
et al. (1992)
UCYN-A (0.49-27.81) : 1 1.86 10 M-191 10° 667 10 389 10 ° Krupke et al. (2013), Harding et al. (2018)
UCYN-B 36:1 500 10 '-1.17 10 ° 139 10 '-324 10 ° Wilson etal. (2017)
Richelia (1.35401.56):1 573 10 '256 10 ° 143 10 ¥-1.90 10 °  White et al. (2018), Foster et al. (2011), and

Strathmann (1967)

regions of the ocean. Speci cally, we use the nifH gPCR data-
base of Tang and Cassar (2019), which is an updated compila-
tion of observed diazotroph nifH gene abundances from Luo
et al. (2012). The database was here corrected to (1) account
for errors in the originally tabulated database; and (2) to differ-
entiate among data points which were undetected, detected
but not quanti able (given the nominal value of 1 @ , and
not determined/detected. The corrected database is given as
Supporting Information Appendix to this article. We analyze
depth-integrated nifH gene counts for Trichodesmium,
UCYN-A, UCYN-B, and Richeliaand map nifH gene abundances
across major ocean basins. We then use the conversions found in
the literature to infer the regional  nifH -inferred biomass for the
four diazotroph groups. We app ly a regionalization from Teng
et al. (2014) to produce a broad ecosystem-level comparison of
nifH gene abundance, diazotroph ce Il abundance, and diazotroph
biomass. This separation of the global ocean into 12 ecologically
distinct biomes is based on surface phosphate concentrations,
which is a key factor controllin g diazotroph biomass (Ward
et al. 2012; Teng et al. 2014; Wang et al. 2019).

We also convert previous model predictions of annual aver-
age nifH gene abundance of the four diazotrophic groups in
the global ocean from Tang and Cassar (2019) to predicted
diazotroph cell abundance and biomass. Tang and
Cassar (2019) used a random forest machine learning algo-
rithm to estimate the spatial distribution of depth-integrated
nifH gene abundance based on environmental factors. We
translate these predictions of group-speci ¢ global nifH gene
abundance into maps of cell abundance and diazotroph bio-
mass derived from the conversion factors. Seasonality in the
measurements is not considered here due to data limitations.

Comparison to global diazotroph biomass models

To compare uncertainties in nifH gene abundance derived
biomass to modeled diazotroph biogeography, we will con-
sider four different model simulations (Dutkiewicz et al. 2015;
Follett et al. 2018; Dutkiewicz et al. 2019; Dutkiewicz
et al. 2021); the simulations vary in the physical setup and/or
in the complexity and parameterization of the planktonic
communities. A key difference between the models is the level
of diversity parameterized in the diazotroph community
(between two and ve different sub-groups, see Appendix
Fig. Al). We focus on total diazotroph biomass simulated from

the models. We compare the nifH-inferred biomass from
observations to the model biomass by aggregating at the level
of the 12 biomes. The model biomass is integrated over depth
to match the nifH gene abundance data (Tang and
Cassar 2019). Model biomass elds are sampled at the nifH
gene observation locations. The mean diazotroph biomass
concentrations of each model within each region are calcu-
lated and compared to ranges of nifH-inferred biomass. The
ranges of nifH-inferred biomass are derived by converting
group-speci ¢ nifH gene abundances into group-speci c¢ bio-
mass using the lower and upper bound conversion factors
(Table 2). The resulting group-speci ¢ lower and upper bound
biomass estimates are summed over the groups to give a lower
and upper bound for total biomass.

nifH as a presence/non-detect metric

We also translate nifH gene abundance to a simpler binary
presence/non-detect metric, de ned as above and below the
gPCR detection limit. There are several categories of gPCR
measurements, can be reported in studies, depending on the
level of qPCR speci city. Measurements below the detection
limit may be reported as “zero,” “ not detected, ” and “detected
but not quanti able (DNQ)” (Tang and Cassar 2019). “DNQ”
implies a likelihood of presence. Therefore, in the corrected
database, all “DNQ"” values were set to 0.001 108 '}'nf—';' which
corresponds to 1 @ This allows for more consistent compari-
sons as the limits of detection and quanti  cation in qPCR
assays are reported to varying degrees across different publica-
tions. Blank cells in the database are assumed to represent that
no qPCR assay was performed. We assign zero concentration
as “non-detect” and all concentrations above zero as “pres-
ence.” We note that the qPCR approach has the greatest inher-
ent error at the low end of target abundances (Bustin
et al. 2020); thus, any reported observations at the lowest
abundances will have the greatest uncertainty.

Results

Currency conversions

The set of conversion factors we assembled from the litera-
ture are given in Table 2. We nd a wide range of published
conversions for both ”C'fT'ﬁ and mrg‘gl'lc across the four diazotroph
groups. The numbers for both conversion factors and the

methods used to interpret conversion factors from the
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literature are described in detail in

Information Appendix.

the Supporting

Looking at the retrieved ranges for both ”C'me' and ""lelc con-
versions separately, we nd ”C'fT'ﬁ ranges in Trichodesmium and
Richelia constitute an uncertainty factor of 383 and

298, respectively (White et al. 2018) when taking the ratio of
the upper and lower bound. In UCYN-A (Krupke et al. 2013),
the conversion uncertainty factor is > 50. For UCYN-B, we
used a single conversion factor of 3.6 which does not add
uncertainty to the total (Wilson et al. 2017). The second con-
version, mTeOI:C’ adds an uncertainty factor of 32, 23, and 30 for
Trichodesmium (Verity et al. 1992; Hynes et al. 2012), UCYN-B
(Wilson et al. 2017), and Richelia (Strathmann 1967; Foster
et al. 2011), respectively. % conversion uncertainty is larg-
est for UCYN-A with a factor > 100 (Harding et al. 2018). In
summary, the rst conversion (ﬂ) contributes more to the
uncertainty in the total conversion for

o Trichodesmium and
Richelia, while the uncertainty for the unicellular groups
(UCYN-A and UCYN-B) is dominated by mmolc-

Combining the two conversions, ”C'fT';l' and % we nd
the largest total conversion uncertainty for Richelia and
Trichodesmium (Table 2). Richelia, Trichodesmium UCYN-A,
and UCYN-B have total conversion uncertainty factors of
13,328, 12,280, 5833, and 23, respectively. These ratios imply
upwards of four orders of magnitude uncertainty converting
from Richelia and Trichodesmium nifH gene abundance to bio-
mass, three orders of magnitude for UCYN-A, and roughly one
order of magnitude uncertainty for UCYN-B.

Global diazotroph biogeography

Depth-integrated nifH gene abundance is mostly con ned
within tropical and subtropical regions (Fig. 1la). We nd
highest nifH gene counts in the tropical equatorial Atlantic
close to the northern South American coast. Other regions of
high nifH gene abundance include the Southwest Paci ¢ and a
patch in the North Paci  c.

On a regionally aggregated level, we see the highest mean
total nifH gene abundance across the four groups in the South
Paci c Subtropical Gyre (SPSG), dominated by high counts of
Trichodesmium and signi cant contributions of UCYN-A and
UCYN-B relative to Richelia (Fig. 1b). The equatorial upwelling
regions in the Paci c¢ (EgPac) and Atlantic (EgAtl) are domi-
nated by Trichodesmium while the EgAtl also shows high
values for Richelia Richelia further dominates in the North
Atlantic Subtropical Gyre (NASG) and is prevalent in the
North Paci c¢ Subtropical Gyre (NPSG). There is elevated
Trichosdesmium gene abundance in both these regions.
UCYN-A constitutes all measurements in the Arctic, Southern
Ocean (SO; observations are from the northern SO, close to
the SPSG), and most of the diazotrophs found in the North
Paci ¢ (NPac). The high observed abundances of
Trichodesmium and Richelia may partly be explained by the
patchy distributions characteristic of these organisms
(Carpenter et al. 1999; Davis and McGillicuddy 2006).
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Figure 1c) shows the cellular diazotroph abundance esti-
mated from nifH gene abundance. Uncertainties in ”C'fT'ﬁ are
largest for Richelia and Trichodesmium, whereas estimated cell
counts for UCYN-B appear as single values due to the single
conversion factor found for this group (Table 2). The patterns
of dominance shift from nifH gene abundance to cell abun-
dance, for example with Richelia showing lower cell abun-
dance in the NPSG than UCYN-A, in contrast to their nifH
gene distributions.

When regional diazotrophic  nifH gene abundance is
converted to biomass, we see that uncertainties associated
with  Richelia, Trichodesmium, and UCYN-A conversions
(Table 2) contribute a major fraction to the total diazotrophic
biomass uncertainty (Fig. 1d). Even when Richelia,
Trichodesmium or UCYN-A nifH gene abundance is low, the
possible conversion range to biomass spans four to  ve orders
of magnitude and thus dwarfs biomass inferred from UCYN-B
(Fig. 1d).

We convert the global nifH gene abundance model predic-
tions from Tang and Cassar (2019) to cell abundance and bio-
mass, then express each diazotroph distribution as a
proportion of the total sum abundance and biomass, respec-
tively (Fig. 2). We use the lower and upper bounds for the con-
versions (Table 2) to demonstrate the range of possible
distributions for each currency. We nd that the dominant
diazotroph group depends on currency, except for UCYN-A
which dominates both cell abundance and biomass at high
latitudes. At low latitudes, we see a similar lower bound distri-
bution of cellular abundance for Richelia, UCYN-B and
Trichodesmium while the upper bound suggests UCYN-B is
more dominant, particularly in the Paci ¢ and Indian Oceans.
Biomass concentrations are similarly affected by the difference
between the upper and lower bound conversions, with the rel-
ative importance of Trichodesmium and UCYN-B shifting at
the two ends of the conversion uncertainty range. We note
that the relative cellular abundance and biomass distributions
for an individual group depend on the magnitude of uncer-
tainty in other groups; for example, the upper bound relative
abundance of Richelia and Trichodesmium is lower than their
lower bound because other diazotroph groups dominate when
evaluated at the upper bound of their uncertainty.

Contrasting biogeographical interpretations between cur-
rencies also arise at the level of latitudinal transects (Fig. 3).
Using nifH gene abundance data from Goebel et al. (2010), we
use the upper and lower bound conversion factors to demon-
strate differently structured diazotrophic communities as a
function of latitude. In terms of cellular concentration, the
lower bound conversions suggest a more evenly distributed
diazotroph community across groups, with group composition
changing relatively little with latitude. The upper bound, in
contrast, suggests a greater contribution of Trichodesmium at
lower latitudes. The pattern is similar in terms of carbon
concentration, with a greater relative importance of
Trichodesmium at low latitude, shifting to UCYN-A northward.
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Fig. 2. Lower and upper bounds for global cell and carbon concentrations across diazotrophic groups, converted from the nifH gene distribution model
predictions of Tang and Cassar (2019), expressed here as a proportion of the sum across groups. Lower and upper bound conversions were taken from
Table 2. Each row gives a different diazotroph group, with the left two columns giving the lower and upper bound cellular abundance, and the right two

columns giving the lower and upper bound carbon concentration.

The magnitude of the shift in community composition is ele-
vated at the upper bound of the conversion ranges.

We note that cell abundance and diazotroph biomass
ranges may still be underestimates because they do not
include uncertainty associated with the nifH gene abundance
estimates themselves, including DNA extraction ef  ciency.
Uncertainties are also introduced due to sparse temporal mea-
surements which precludes a seasonal comparison. Richelia,
for example, is known to have seasonally changing distribu-
tions in the NPSG (Karl et al. 2012; Follett et al. 2018). Sam-
pling strategies that target diazotrophic blooms will also skew
the temporal representativeness of nifH gene measurements.

Comparison to global diazotroph biomass models

We consider four simulati ons that include different
levels of diversity within the diazotroph group, and include
differences in the physical elds that drive the biogeochem-
istry. We ask here whether biomass derived from nifH gene
abundance is able to determine which simulation is more
faithful to the real ocean. Sim ulated diazotroph biomass is
mostly found within tropical and subtropical regions
(Fig. 4) where there is excess iron and phosphate supply
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relative to the inorganic nitrogen supply (Ward et al. 2013;
Dutkiewicz et al. 2014). The hi ghest depth-integrated bio-
mass concentrations (30 %S') are found in the Atlantic
and Indian oceans. The tropical and subtropical Paci
exhibits relatively low diazotroph biomass, presumably due to
a lack of suf cient iron inputs, except for the northern Paci
band around 30 N which receives iron input from Asian
dust. The Southwest Paci ¢ and a patch in the North Paci
exhibit moderate diazotroph biomass in the model (Fig. 4a) in
contrast to observations of high nifH gene abundance
(Fig. 1a).

There are also distinct regional differences between the
models. For example, the high Indian Ocean model
diazotroph biomass in Dutkiewicz et al. (2021) is different
from the other models and does not correlate with relatively
low observed nifH gene abundance, suggesting that the eolian
source of iron may be too strong in this region for this model.
Another notable difference between models is the varying
extent of diazotroph biomass in the Southwest Paci  c.

Importantly, model dissimilarity is notably smaller than
the range of possible nifH-inferred biomass (Fig. 4b).
Aggregated at the level of biome, the range of biomass
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Fig. 3. Example latitudinal gradients in diazotroph depth-integrated cellular abundance and carbon concentration estimated from nifH gene abundance.
Panels &) and (b) give the logarithm of cellular concentration using the lower and upper bound conversions, respectively. Panels €) and (d) give the
same but using carbon concentration. Black line gives the total concentration and individual colors give the group contributions. Data taken from Goebel

et al. (2010) in Tang and Cassar (2019).

predicted from the nifH gene abundance measurements (shown
in green bars) is approximately two orders of magnitude wider
than the model dissimilarity, on average. This uncertainty pre-
cludes our ability to use these observations to test assumptions
across different models and guide future model development.

The upper bound on total diazotrophic biomass lies below
most model predictions in regions with highest UCYN-A abun-
dance relative to the other groups (NPac, Arctic, and SO;
cf. Figure 1b). Most of the observations informing these  nifH-
inferred biomass estimates are non-detects as indicated by red
crosses in Figs. la and 5. Hence, the low number of UCYN-A
nifH observations above the limit of detection relative to non-
detects may partly explain the discrepancy between observa-
tions and models in high-latitude regions. The Indian Ocean is
relatively under-sampled and shows relatively low  nifH, despite
high diazotrophic biomass simulated in the models (Fig. 4a).

Diazotroph biogeography may also be controlled by other
biological, chemical, and physical factors that have not yet
been understood. UCYN-A have not been cultured and
Richelia are dif cult to establish and maintain in culture
(Villareal 1990; Zehr et al. 2016; Pyle et al. 2020), making it
dif cult to evaluate their ecophysiology. In addition, little is
known about loss rates, including grazing (O ’'Neil and
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Roman 1994; Scavotto et al. 2015; Deng et al. 2020), which
further complicates our understanding of diazotroph
biogeography.

nifH as a presence/non-detect metric

There is a total of 300 presences and 166 non-detect obser-
vations in the database (Fig. 5). The asymmetry between pres-
ences and non-detects may be partly determined by a lack of
reporting or a sparsity of measurements in regions generally
not thought to have diazotrophy (e.g., SO, seeFig. 1). How-
ever, signi cant patterns emerge. For instance, the North
Paci ¢ shows two distinct regions of diazotroph presence
within the subtropical gyres, and a lack of diazotrophs at
higher latitudes and in the equatorial zone (Church
et al. 2008; Shiozaki et al. 2017; Tang and Cassar 2019). These
patterns included in the Tang and Cassar (2019) databese are
consistent with the sharp boundary of diazotroph biogeogra-
phy observed at the northern edge of the North Paci ¢ Sub-
tropical Gyre (Gradoville et al. 2020). We suggest that
presence/non-detect boundaries may therefore be a useful
way to infer broad diazotrophic distributions, avoids some of
the uncertainty associated with abundance and biomass
concentration.
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