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A model was constructed to estimate Primary production (PP) and examine the
effect of the dominant phytoplankton group on PP, using a dataset collected in
2019 in the South China Sea (SCS) based on phytoplankton absorption
coefficient at 443nm [apn(443)] and photosynthetically active radiation (PAR).
There was a significant log-log linear correlation between PP and the product of
apn(443) and PAR (ays(443)xPAR), with an adjusted R? of 0.64. The model was
validated using K-fold cross-validation and an in situ dataset collected in 2018 in
the SCS basin. The results showed that the model had good generalisability and
was suitable across marine environments, including basin, coastal, and offshore
areas. The model was more sensitive to changes in PAR than changes in a,,(443).
Phytoplankton in the diatom-dominant and haptophyte-dominant clusters were
in the light-limited stage, and their PP values increased with increasing app
(443)xPAR. However, Prochlorococcus-dominant samples exhibited
photoinhibition, and the PP values decreased with increasing apn(443)xPAR,
likely due to their bio-optical characteristics. The model's predictive power
was related to the photo-physiological state of dominant phytoplankton,
which performs well in light-limited conditions but not in cases of massive
photoinhibition. This study provides insight into the development of
phytoplankton-specific a,,-based PP models.
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1 Introduction

Marine primary production (PP) refers to the process of
assimilation and fixation of inorganic carbon and other inorganic
nutrients into organic matter by marine phytoplankton. This
process constitutes a major carbon pump and fuels the marine
food chain, making it a critical component of ocean biogeochemical
cycles that impact climate change (Falkowski et al., 1998). As the
annual productivity of the entire ocean is approximately half of the
global total (Hemsley et al., 2015), ocean PP remains an essential
ecological process deserving of continued research.

The in vivo technique with "*C proposed by Steemann Nielsen
is the conventional ship-based method used to measure PP
(Nielsen, 1952). In recent decades, satellite-based sensors have
made remote sampling of the ocean surface possible at large
spatial and temporal scales, providing a cost-effective way to
study PP at satellite-visible depths (Platt and Sathyendranath,
1988; Hilker et al., 2008). When combined with in situ
observations, it may be possible to obtain the PP of the entire
euphotic zone. Consequently, various models of PP have been or are
being proposed (Kahru, 2017) based on products that can be
obtained from water-leaving radiance in both open ocean
(Campbell et al., 2002) and coastal waters (Saba et al., 2010;
Setiawan and Habibi, 2011; Setiawan and Kawamura, 2011).
Chlorophyll a (Chl a), a well-established ocean colour product, is
the main pigment at the photochemical reaction centre in most
phytoplankton and is often considered an index of phytoplankton
biomass (Boyce et al,, 2010). Since primary productivity may be
simply defined as the product of phytoplankton biomass times the
phytoplankton growth rate (Cloern et al., 2014), Chl a is frequently
involved in modeling primary productivity of the marine surface
layer, euphotic layer, or mixed layer (Eppley et al., 1985; Platt and
Sathyendranath, 1993; Antoine and Morel, 1996; Ondrusek et al.,
2001; Campbell et al., 2002; Platt et al., 2008; Westberry et al., 2008).

PP can also be defined by a combination of the phytoplankton
absorption coefficient (a,,) and photosynthetically active radiation
(PAR) (Kiefer and Mitchell, 1983; Barnes et al., 2014), both of which
are well-established ocean colour products, and a,;, can perform
better than Chl a in estimations of PP (Oliver et al., 2004; Claustre
et al,, 2005; Hirawake et al,, 2011). Credible global gridded a,,(A)
data can be retrieved from R, using semianalytical algorithms
(Moore et al., 2009; Sauer et al., 2012; Werdell et al., 2013) such
as the generalized inherent optical properties (GIOP) algorithm
(Werdell et al,, 2013) and quasi-analytical algorithm (QAA) (Lee
et al,, 2002). As a result, apn has been considered an alternative bio-
optical proxy for estimating PP in both coastal and open ocean
waters (Lee et al., 1996; Huot et al., 2007; Marra et al., 2007; Barnes
et al., 2014; Silsbe et al., 2016). Different phytoplankton
communities have varying bio-optical characteristics and can
display different responses to various environmental variables,
including light, temperature, nutrients, etc. (Uitz et al, 2010;
Barnes et al.,, 2014; Brewin et al., 2017; Curran et al., 2018).
Compared to Chl a, ap;,(k) contains more information, such as
phytoplankton pigment concentration and composition,
phytoplankton community, and cell size (Morel and Maritorena,
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2001; Ciotti et al., 2002; Bricaud et al., 2004; Uitz et al., 2015). The
combined response of the various environmental variables is also
reflected in a,,(A) (Marra et al,, 2007; Aiken et al., 2008; Brewin
et al., 2019). These characteristics extend the application scope of
a,p-based models, which have been successfully applied to estimate
not only total PP (Lee et al., 1996; Marra et al., 2007; Barnes et al.,
2014; Robinson et al.,, 2017) but also size-fractionated PP (Hirata
et al., 2009; Barnes et al., 2014; Brewin et al., 2017; Curran et al.,
2018) in different marine environments, including the North
Atlantic Ocean (euphotic layer) (Lee et al, 1996), Arabian Sea,
Ross Sea, Equatorial Pacific (surface layer) (Marra et al., 2007),
English Channel, North Sea (surface layer) (Barnes et al., 2014),
Australian Coastal Waters (surface layer) (Robinson et al., 2017),
and eastern boundary upwelling systems (Hirata et al., 2009), using
in situ and remote sensing datasets. However, classifying
phytoplankton by size does not provide information on
taxonomic structure, and variation in phytoplankton taxonomic
structure can affect PP (Jochem et al., 1995; Kameda and
Ishizaka, 2005).

One of the primary objectives of this study is to investigate the
utility of a,;, as a predictor of PP within the euphotic zone of the
South China Sea (SCS). A regional a,,-based PP model was built
based on an in situ dataset collected during 2019 in the SCS. To
evaluate the generalization performance of this model, we employed
K-fold cross-validation and validated it with an independent in situ
dataset collected during 2018 in the SCS (Liao et al, 2021).
Furthermore, the impact of uncertainties in the two inputs, a,,(})
and PAR, on the relationship was also analyzed. In addition, our
study seeks to partition the dataset into clusters dominated by
different phytoplankton types derived from pigment composition.
This allows us to explore the effect of each cluster on our a,,-based
PP model. The model could be applied to autonomous optical
sensors and remotely sensed data in coastal, estuarine, offshore, and
basin environments of the SCS. This study provides valuable insight
into the development of phytoplankton-specific a,;-based
PP models.

2 Materials and methods
2.1 Sampling site

Field observations in the western SCS were conducted at 12
stations during two cruises, from 11 June to 15 June and from 29
September to 5 October 2019 (denoted as the 2019 SCS dataset).
The sampling stations are depicted in Figure 1, which includes a
total of 12 stations denoted by blue dots and covers both coastal
(contains estuarine (S1-S7, <100 m) and offshore (S8-S12, >100 m)
waters. A comprehensive set of variables pertinent to productivity,
including PP, aph(X), PAR, phytoplankton pigments, temperature,
and depth, were measured at each station. In addition, we obtained
an open dataset collected by Liao et al. at 8 stations in the SCS basin
during September 2018 (Liao et al., 2021), denoted as the 2018 SCS
dataset (L1-L8, >1500 m), Which is illustrated by orange dots
in Figure 1.
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Locations of the 2019 SCS dataset (blue dots) and the 2018 SCS dataset (orange dots).

2.2 In situ sampling

2.2.1 Primary productivity

PP was determined through on-deck incubation at five light
penetration depths (100%, 56%, 22%, 7%, and 1% of the surface
PAR) at each station (49 samples in the 2019 SCS dataset and 28
samples in the 2018 SCS dataset) (Liao et al., 2021). Seawater
samples were obtained using Niskin bottles connected to a
conductivity-temperature-depth (CTD) device (Seabird SBE 911)
and were obtained in the morning, prefiltered through a 180-um
mesh to eliminate large zooplankton. These samples were then
transferred to acid-clean polycarbonate bottles (Nalgene, USA),
with two white bottles and one black bottle collected for each layer.
After inoculation with 5-uCi of NaH14CO3, samples were incubated
in duplicate at five light levels and in the dark at in situ temperature
(+ 2°C) with a water cooler for 6 h. After incubation, the samples
were filtered onto 25-mm GF/F filters (Whatman, USA), and all
filters were stored at —20°C until analysis. The filters were fumed
with HCI for 12 h to eliminate nonfixed '*C and then immersed in a
5-mL scintillation cocktail (Ultima Gold) in 20-mL scintillation
vials. Radioactivity was measured using a Tri-Carb 2810 TR liquid
scintillation analyzer (Perkin-Elmer, USA) (Knap et al,, 1996).
Water samples for dissolved inorganic carbon (DIC) were
preserved with HgCl, in amber glass bottles and analyzed using
an AS-C3 DIC analyzer (Apollo SciTech, USA) with an infrared
CO, detector (Li-7000) following the procedure outlined by Cai
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et al. (Cai et al., 2004). PP was then calculated using Equation 1,
where CPM;, and CPMp, represent the counts per minute for the
white and black vial samples, respectively, CPM,4q is the counts per
minute for *C addition, and T is the incubation time in hours. To
harmonize the units of each variable, PP was converted from mg
Cm>h'tomol Cm>h™"

PP = DIC x (CPM; — CPMp)/CPM,qq/T (1)

2.2.2 Phytoplankton absorption coefficient

To obtain a,,(A), samples were filtered onto GF/F filters
(Whatman, USA), placed in cell dishes, and stored in liquid nitrogen
until the laboratory analysis took place. The absorption spectra of the
particles [a,(A)] were measured using the quantitative filter-pad
technique by the Transmittance mode (i.e., T mode) with a Lambda
650S ultraviolet-visible spectrophotometer at a 1-nm resolution
ranging from 350 to 750 nm (Yentsch, 1962). Before the
measurement, a clean GF/F filter was soaked in a 0.2-um seawater
filtrate to obtain a blank. After removing the phytoplankton pigments
with methanol, the filters were rescanned to obtain the absorption
spectra of nonalgal particles [a4(A)] (Kishino et al, 1985). The
background signal was corrected by subtracting the absorption
values at 750 nm from the entire spectrum (Bricaud and Stramski,
1990), and the optical path amplification effect was corrected according
to the method of Stramski et al. (Stramski et al., 2015). The obtained
difference between a,(A) and a4(A) was taken to be a,u(A).
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2.2.3 Phytoplankton pigments

The quantification of pigments was accomplished using high-
performance liquid chromatography (HPLC), as outlined by Zapata
et al. (Manuel et al., 2000). Following filtration onto Whatman GF/F
filters and subsequent storage in liquid nitrogen, samples were
subjected to an extraction procedure involving 1.5 ml 95%
methanol solution at 4°C for 24 hours. A mixture of 1 ml of extract
and 200 pl ultrapure water was then prepared for measurement. A
Waters 2695 HPLC system was employed, with signals being detected
by a Waters 2998 photodiode array detector. As per the methodology
of Zapata et al. (Manuel et al, 2000), pigments containing
Chlorophyll a, Chlorophyll b, Chlorophyll ¢, , 3, Divinyl chlorophyll
a (DVChl a), Divinyl chlorophyll b, Peridinin, Fucoxanthin, Lutein,
Diadinoxanthin, Diatoxanthin, Antheraxanthin, Violaxanthin,
Zeaxanthin, Alloxanthin, 19’-hex-fucoxanthin, 19’-but-fucoxanthin,
Neoxanthin, and B-carotene were analyzed. Quantification was
confirmed by the standards manufactured by the Danish Hydraulic
Institute (DHI) Water and Environment, Horsholm, Denmark. The
dominant phytoplankton within each sample was determined
through the characteristic pigment approach (Alvain et al., 2005).
To facilitate the analysis of the HPLC pigments in this study, a
grouping system was employed, wherein the pigments were
categorized into Chlorophyll, photosynthetic carotenoids (PSCs),
and photoprotective carotenoids (PPCs) (Frank and Cogdell, 1996;
Dall'Osto et al, 2007; Roy et al, 2011). Specifically, PPCs were
calculated as the sum of Violaxanthin, Diadinoxanthin,
Alloxanthin, Zeaxanthin, Lutein, and [B-carotene, whereas PSCs
were calculated as the sum of Peridinin, 19’-but-fucoxanthin, 19’-
hex-fucoxanthin and Fucoxanthin.

2.2.4 PAR and temperature

A Profiler II underwater spectral profiling instrument (Satlantic,
Canada) was used to record the downwelling irradiance [E;(4,2)] of
the water column profile during free-fall, employing a range of
wavelengths between 350-800 nm and consisting of 136 channels.
The original raw data was calibrated using ProSoft 7.7.1.6 (Satlantic,
Canada), while PAR was determined by integrating the E;(A,z) within
the 400-700 nm wavelength range. Sampling takes place during clear
and cloudless conditions between 12:00 and 13:00 every day, in sync
with the PP incubation experiment. In Southeast Asia, between 12:00
and 18:00, PAR shows an almost linear decreasing trend (Rundel et al.,
2017; Vongcharoen et al., 2018). Simultaneously, the tropical climate
characteristics of the South China Sea and the duration of the voyage
(5 and 7 days) imply that during these days, the daily sunlight pattern
remains relatively consistent, and the daily PAR changes are relatively
stable. Thus, we simply made this assumption, PAR was multiplied by
3600 to convert its unit from umol m s to mol m2h~%. Here, the
calculated hourly PAR only characterizes the relative trend of PAR
changes, not the actual value of the hourly PAR. Temperature profiles
were established via a CTD device (Seabird SBE 911).

2.3 Basic model

The basic model of the a,;,(1)-based marine PP algorithm can
be simply expressed as Equation 2 (Barnes et al., 2014):
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PP = ¢ x a,,(4) x PAR (2)

a,n(A) represents the phytoplankton absorption coefficient at a
particular wavelength (443 nm being the selected wavelength for
this study). PAR is photosynthetic active radiation. The quantum
yield, represented by ¢ is given by the slope, which denotes the
efficiency of photosynthesis in converting absorbed light energy into
organic carbon. Under varying physicochemical conditions or in
distinct marine areas, ¢ may exhibit fluctuations concerning light
intensity, temperature, phytoplankton community structure, and
nutrients (Iluz and Dubinsky, 2013; Zoffoli et al., 2018). If Equation
2 proves to be applicable to the 2019 SCS dataset, the
regionalization of ¢ in the SCS can be established.

2.4 Statistics

The statistical analyses were conducted using OriginPro
(OriginLab Corporation, USA) and Python 3.8.1. A probability
coefficient was employed to assess the statistical significance of the
correlation between two variables, with a p-value threshold of 0.05.
The regression model was evaluated using several statistical metrics,
including the adjusted coefficient of determination (Adj.R?) (a penalty
can be given for adding nonsignificant variables, i.e., adding an
arbitrary variable does not necessarily increase the model fit, and
Adj.R* can be positive or negative), the mean square difference (MSD),
root mean square difference (RMSD), and the mean absolute
difference (MAD). The standard deviation (o) was used to measure
the dispersion of the data, while bias quantified the difference between
the observed and predicted values. All non-integer values, except for
the p-value were reported to two significant digits. The mathematical
expressions for these statistical metrics are provided below:

RMSD = 7221:1(1;" ) 3)
MSD = 72’11(1;" ) (4)
MAD = Eillyin— m(y)| %)
oo E?zl(yin— m(y))® ©
Bias = y; - Y, %

where n is the number of data values, Y; is the predicted value, y;
is the data value in the set, and m(y) is the average value of the dataset.

2.5 K-fold cross-validation and
in situ data validation

K-fold cross-validation was employed to test the generalisability
of the model (Geisser, 1975), given that the total number of data
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points did not exceed 50. This technique is widely utilized to
evaluate the overall performance of models (Russell, 2010).
Specifically, the dataset was divided into K nearly equal partitions,
where K-1 partitions were employed to construct the model, and the
remaining sample was used for validation. This process was iterated
K times, resulting in K learners, with each fold serving as the
validation data (Fushiki, 2011).

The choice of K is an important consideration, as underfitting
or overfitting of learners can occur with small or large K values,
respectively, which can adversely impact the assessment of general
model performance. Although typical K values range between 5 and
10, researchers have suggested other values as well (Jung, 2018). In
this study, K values were not arbitrarily chosen, rather, the mean
MSD of K learners and the standard deviation of the mean MSD
were evaluated over a range of K values, from 2 to 49. With
increasing K, the standard deviation of the mean MSD increased,
and when K was either less than 10 or greater than 20, the mean
MSD exhibited pronounced fluctuations (Figure 2). Therefore, K
was set to 10, which resulted in a small standard deviation of the
mean MSD and a stable mean MSD across K learners. Accordingly,
a 10-fold cross-validation approach was employed in section 3.2.

In addition, the 2018 SCS dataset was used to validate the
adaptability of the model in the SCS basin waters.

2.6 Sensitivity analysis

The sensitivity of the model was tested using the Monte Carlo
method, a widely adopted statistical technique in simulation studies
(Brewin et al., 2017). In essence, a normal distribution was

10.3389/fmars.2023.1249802

generated through Monte Carlo simulation, with either a,;(443)
or PAR serving as the mean value at any given station. To reflect
measurement error, we introduced errors of 5% for a,;(443) and
10% and 20% for PAR, based on empirical measurement
estimations. Subsequently, the Monte Carlo method was
employed to generate numbers, which were then fed into the
model to obtain a new set of data. This new set of data was then
verified as normally distributed, and the standard deviation was
calculated as the index of uncertainty. In alignment with the
methodology of Brewin et al., the minimum number of iterations
required to produce a stable estimate of standard deviation was
determined to be 200 (Brewin et al., 2017).

3 Results
3.1 Model building

Upon applying Equation 2 to the 2019 SCS dataset, PP was
significantly correlated with a,,(443)xPAR (Adj.R*=0.55,
p-value <0.01), Nevertheless, a direct linear regression between
a,,(443)xPAR and PP suffered from heteroscedasticity. In the 2019
SCS dataset, ¢ was not assumed to be a constant value and thus was
neither parameterized nor treated as an independent variable.
Instead, it was included in the slope (k) of Equation 8.

To raise the accuracy of a predictive model, a logarithmic
transformation of PP and a,,(443)xPAR was conducted.
Subsequently, a log-log linear a,,(A)-based regression model for
PP (hereafter referred to as the log-log linear PP model’) was built
(Equation 8):

0.30}
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0.15}

error

0.05}

°ﬂ§kq%fd§gafggﬁf§?fkbxhgqtqg%:bakbaxp
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0.00 | ®
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standard deviation of mean MSD
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FIGURE 2
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Changes in K and corresponding changes in the mean MSD of K learners and the standard deviation of the mean MSD.
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log (PP) =k x log (a,),(443) x PAR) +b (8)

Figure 3 presents the values of k (slope) and b (intercept) for the
log-log linear PP model, which demonstrates a greater aptitude for
fitting the data, as indicated by a higher Adj.R”. Moreover, the
residual plot depicted in Figure 3 confirms homoscedasticity as a
defining feature of the model.

3.2 K-fold cross-validation and in situ data
validation in the log-log linear PP model

At K=10, the standard deviation of the mean MSDs is low
(0.13), and the mean MSD derived from cross-validation (0.18)
approximates that of the ‘log-log linear PP model’ (0.17).
Furthermore, the Adj.R2 (0.56) of the relationship between the
measured and predicted values derived from cross-validation is
quite similar to that of the log-log linear PP model (0.64).
Collectively, the results of K-fold cross-validation affirm the
commendable generalisation performance of the log-log linear
PP model.

An Independent dataset of the SCS in 2018 (2018 SCS dataset,
including the in situ a,,(443), PAR, and PP) was used to verify our
model. The logarithmic bias between the predicted and measured
PP was approximately 0.077, leading to a deviation of nearly 10% in
PP estimates (Figure 4). These results corroborated the model’s
robustness and effectiveness for data collected in estuarine, coastal,
and offshore areas (2019 SCS dataset) and data collected within the
SCS basin (2018 SCS dataset).

10.3389/fmars.2023.1249802

3.3 Sensitivity analysis of the log-log
linear PP model

The inclusion of a 5% standard deviation of a,,(443) caused a
2.9% standard deviation in the predicted PP (Figure 5). Moreover,
the incorporation of 10% and 20% standard deviations of PAR
resulted in 5.1% and 11% standard deviations in the predicted PP,
respectively. This analysis reveals that the log-log linear PP model is
more sensitive to alterations in PAR than to changes in a,,(443).

3.4 |dentification of dominant
phytoplankton clusters

Phytoplankton groups responded differently to environmental
variables, such as temperature, light, and nutrient availability, due
to their diverse physiological characteristics. Phytoplankton species
vary with depths (e.g., sea surface and maximum chlorophyll depth)
and marine environments. Therefore, the dominant phytoplankton
species were identified to examine their impact on the log-log linear
PP model.

Based on the characteristic pigment approach as defined by
Alvain et al. (2005), five major phytoplankton species were
identified, namely diatoms (Diato), dinoflagellates (Dino),
Prochlorococcus (Pro), haptophytes (Hapto), and Synechococcus-
like cyanobacteria (SLC) (Figure 6). However, the SLC-dominant
and Dino-dominant clusters, consisting of limited sample sizes
(only two and five samples, respectively), are not discussed in
this study.
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FIGURE 3

Log-log linear regression of PP and a,,(443)XPAR in the euphotic zone for the 2019 SCS dataset. The dark line represents the linear regression, and
the blue band represents the 95% confidence interval. The residual plot is in the bottom-right corner. The equation, number of data points (n) and

some statistical parameters are shown in the upper-left corner.

Frontiers in Marine Science

06

frontiersin.org


https://doi.org/10.3389/fmars.2023.1249802
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org

Zhao et al.

FIGURE 4
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Different dominant phytoplankton samples are represented by various colours and shapes. Log-log linear regressions of PP and a,,(443)xPAR of the
whole dataset and three phytoplankton-dominant clusters in the euphotic zone for the 2019 SCS dataset; black line = whole dataset, blue line =
Diato-dominant cluster, orange line = Hapto-dominant cluster, green line = Pro-dominant cluster. Equations, numbers of data points (n), and some
statistical parameters of Pro-, Hapto- and Diato-dominant clusters are shown in the upper-left corner

4 Discussion

4.1 Bio-optical characteristics of different
dominant phytoplankton clusters

Table 1 lists statistical results for the varied bio-optical
parameters of Diato-, Hapto-, and Pro-dominant phytoplankton
clusters, which exhibit differences in their response to
environmental variables and physiological characteristics.

The Diato-dominant cluster has the largest average a,;,(443),
average PAR, and average PP values, as well as the largest range of
variable variations. In contrast, the Pro-dominant cluster has a
smaller average PAR value than the Diato-dominant cluster, but the
smallest mean a,,(443) value and a limited range of variation,
especially for PP. The Hapto-dominant cluster presents the lowest
average values for PAR and PP, with a mid-range variability. These
distinct bio-optical characteristics of the dominant phytoplankton
clusters are reflected in their different distribution patterns as seen
in Figure 6, which in turn impacts the statistical properties of the
log-log linear PP model. To delve deeper into these effects, a linear
regression was performed for each cluster in Figure 6.

To identify the photophysiological state of the dominant
phytoplankton, we examined their pigment composition.
Pigments play a crucial role in phytoplankton photosynthesis.
Roy et al. illustrated that phytoplankton can modify their pigment
pool which comprises two functional classes: photosynthetic
carotenoids (PSCs) and photoprotective carotenoids (PPCs), in
response to variable light intensities (Roy et al., 2011). PPCs
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primarily dissipate excess light energy in the form of heat and to
protect photosynthetic organs, while PSCs mainly transmit light
energy. According to previous studies (Frank and Cogdell, 1996;
Dall'Osto et al,, 2007; Roy et al., 2011), the pigments in this study
were categorized into Chlorophyll, PPC and PSC and subsequently
normalized to TChl a (Table 1).

4.2 Pro-dominant cluster

Figure 6 displays a negative fitting slope for the Pro-dominant
cluster, which contrasts with the fitting slope of the whole dataset.
To understand this phenomenon, we examined the relationships of
a,,(443) with PP (in order to estimate the impact of biomass on PP)
and PAR with PP/TChl a (in order to estimate the impact of PAR
on PP. Additionally, to eliminate the impact of biomass on PP, PP
was normalized to TChl a) (Figure 7).

a,,(443) does not exhibit a significant relationship with PP (p-
value > 0.05) in Figure 7A. However, the ratio of PP/TChl a decreases
with an increase in PAR (Figure 7B), which is comparable to the
relationship between a,;,(443)xPAR and PP (Figure 7C).

The Pro-dominant cluster has a significantly higher PPC/TChl
a and a much lower PSC/TChl a than the other two clusters
(Table 1), Since most of the samples within the Pro-dominant
cluster results from the surface and in the upper layer (shallower
than the maximum chlorophyll a layer), the negative correlation
between PAR and PP/TChl a in the Pro-dominant cluster may be
attributed to the photoinhibition of phytoplankton.
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TABLE 1 Statistical results for the bio-optical parameters of each
dominant phytoplankton cluster.

Diato- Hapto- Pro-domi-

dominant dominant nant
cluster cluster cluster

Average PAR (mol
D 0.86 0.035 0.79
m~-h)
Range of PAR
2 [0.0062, 3.8] [0.0019, 0.096] [0.080, 1.9]
(molm™h™)
Average ap 0.052 0.019 0.0061
(443) (m™) ’ ’ ’
R f 0.0041,
Ange O Aph [0.011, 0.13] [0.0084, 0.026] {
(443) (m™) 0.0097]
Average PP ” -5 -5
3.5x10 1.4x10 4.0x10
(mol C m™ h™") x x x
Range of PP [3.6x10°°, [2.0x10°, [1.0x107%,
(mol Cm~>h™) 9.4x107] 3.6x107°] 5.7x107°]
A TChl
verdge 12 0.40 0.095
a(mgm™)
A PPC/TChl
verage © 0.20 0.20 0.92
a(mgm™)
Average PSC/TChl
5 0.65 0.92 0.34
a(mgm™)

* TChl a = Chl a+DVChl a; PPC = Violaxanthin+ Diadinoxanthin+ Alloxanthin+
Zeaxanthin+ Lutein+ (B-carotene); PSC = Peridinin+ (19'-but-fucoxanthin)+ (19’'-hex-
fucoxanthin)+ Fucoxanthin.

For Prochlorococcus photosynthesis, Hess et al. suggested that

~2 57! for the surface

the optimum irradiance is 200 umol photons m
and 30-50 wmol photons m™ s~ for deeper water, respectively
(Hess et al., 2001). However, all of the PAR values in our dataset are
beyond the suggested optimum irradiance for both at the sea surface
and deeper water. Additionally, temperatures in waters with the
Pro-dominant cluster were high (28-29°C). The photoinhibition of
Prochlorococcus is generally more pronounced in high temperature
than in low temperature ranges at the same irradiance (Xiao
et al., 2019).

Ultraviolet light and high light intensity increase the production
of reactive oxygen species, which damages the PSII reaction centre
and antenna complexes (Dring et al., 2001; Van De Poll et al., 2001;

10.3389/fmars.2023.1249802

He and Héder, 2002; Sarvikas et al., 2006; Rastogi et al., 2010; Mella-
Flores et al., 2012). PPC/TChl a in the Pro-dominant cluster does
not exhibit an obvious upward trend with increasing PAR (Figure 8)
likely since that Prochlorococcus has a limited mechanism for
nonphotochemical quenching (NPQ) (Rocap et al., 2003; Xu
et al,, 2017; Xu et al., 2018). Moreover, the PSII repair capacity of
Prochlorococcus reaches a maximum of approximately 400 pmol
photons m ™2 s™ (Mella-Flores et al., 2012). Thus, it appears that the
Pro-dominant cluster, when exposed to high light intensity, has a
constrained ability for self-protection and self-repair, making it
more susceptible to photoinhibition.

During photoinhibition, both the quantum efficiency (¢) and
the maximum photosynthetic efficiency decrease (Cullen and
Renger, 1979; Powles, 1984; Lesser et al., 1994; Behrenfeld et al.,
1998; Marshall et al., 2000; Andersson and Aro, 2001; Oliver et al.,
2003; Ross et al., 2008). As a consequence, PP values also diminish.

4.3 Hapto-dominant cluster and
Diato-dominant cluster

The significant positive correlations between a,,(443) xPAR
and PP were observed in both Hapto-dominant cluster (Figure 9C)
and Diato-dominant cluster (Figure 10C).

In addition, no significant relationship exists between a,,(443)
and PP (p-value>0.05) (Figure 9A), while there is a significant
positive correlation between PAR and PP/TChl a (Figure 9B),
similar to the trend observed between a,,(443) xPAR and PP
(Figure 9C). These results implied that PAR plays a pivotal role in
regulating PP in this cluster. Interestingly, the Hapto-dominant
cluster exhibits a considerably higher level of PSC/TChl a than the
other two clusters (Table 1), indicating that phytoplankton in the
Hapto-dominant cluster may be light-limited. This suggestion is in
agreement with the observation that phytoplankton in this cluster
inhabit deeper regions with low light intensity beneath the mixed
layer. Therefore, the higher PSC/TChl a ratio in the Hapto-dominant
cluster may be an adaptive strategy to enhance its light absorption
and utilization under conditions of limited light availability.

The Diato-dominant cluster displays positive covariance
between a,;,(443) and PP (Figure 10A), as well as between PAR
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FIGURE 7

Relationships between a,,(443) and PP (A), PAR and PP/TChl a (B), and apx(443)xPAR and PP (C) in the euphotic zone for the Pro-dominant cluster
in the 2019 SCS dataset. Colorbar represents depth. Equations and some statistical parameters are also shown.
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FIGURE 8

Relationships between PAR and PPC/TChl a, PAR and PSC/TChl a in the euphotic zone for the Pro-dominant cluster in the 2019 SCS dataset. Linear
regression for PAR and PSC/TChl a (purple dotted line) and linear regression for PAR and PPC/TChl a (green line). Equations and some statistical
parameters are also shown (green text for green line, purple text for purple dotted line).

and PP/TChl a (Figure 10B). These relationships are consistent with
the significant correlation observed between a,,(443) xPAR and
PP (Figure 10C).

Phytoplankton within the Diato-dominant cluster mainly
appeared at both the surface and in deeper water layers in coastal
and estuarine areas. The level of the PPC/TChl a of the Diato-
dominant cluster is similar to that of the Hapto-dominant cluster,
but higher than that of PSC/TChl a. It is reasonable to infer that
most samples in the Diato-dominant cluster are also in a light-
limited stage, with several diatom-dominated samples appearing to
be light-saturated. Remarkably, despite some samples in the Diato-
dominant cluster being subjected to much stronger light intensities
than those in the Pro-dominant cluster, photoinhibition does not

occur in this cluster. Unlike the Pro-dominant cluster, the PPC/
TChla of the Diato-dominant cluster increases significantly with the
enhancement of light intensity (Figure 11), which likely protects it
from the damage caused by photoinhibition. Furthermore, the
mechanism of small photoregulation movements, the xanthophyll
cycle and non-photochemical quenching (NPQ) may also safeguard
diatoms from high light intensity to some extent (Prins et al., 2020).

5 Conclusions

A log-log linear primary production (PP) model based on the
regional phytoplankton absorption coefficient [a,,(A)] was
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cluster in the 2019 SCS dataset. Colorbar represents depth. Equations and some statistical parameters are also shown.
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FIGURE 10

Relationships between a,,(443) and PP (A), PAR and PP/TChl a (B), and a,x(443)xPAR and PP (C) in the euphotic zone for the Diato-dominant
cluster in the 2019 SCS dataset. Colorbar represents depth. Equations and some statistical parameters are also shown.

developed for the South China Sea (SCS), using an in situ dataset
complied from the observation data collected in 2019. The
predictive capacity of the model was evaluated by statistical
analysis, K-fold cross validation, and in situ data validation,
indicating that it can well predict PP across marine environment,
ranging from estuarine to offshore and basin. The model’s response
is more sensitive to changes in photosynthetically active radiation
(PAR) than to changes in a,,(443).

To account for the bio-optical characteristics of different
dominant phytoplankton in the SCS, the dataset was divided into
five dominant phytoplankton clusters. The study analyzed the

effects of environmental variables and physiological characteristics
on the log-log linear PP model for the Diato-dominant, Hapto-
dominant, and Pro-dominant clusters. The Diato-dominant and the
Hapto-dominant clusters are mostly in the light-limited stage.
Although some samples in the Diato-dominant clusters were
exposed to extremely high light intensity, diatoms have efficient
pigment regulation mechanisms and other ways to adapt to high
light intensity. The Hapto-dominant cluster appeared below the
mixed layer, where light is undersaturation. As a result, an increase
in light levels, as indicated by a,,(443)xPAR, leads to a
corresponding increase in PP for both clusters. In contrast, the
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FIGURE 11

Relationships between PAR and PPC/TChl a and between PAR and PSC/TChl a in the euphotic zone for the Diato-dominant cluster in the 2019 SCS
dataset. Linear regression for PAR and PSC/TChl a (purple dotted line) and log regression for PAR and PPC/TChl a (blue line). Equations and some
statistical parameters are also shown (blue text for blue line, purple text for purple dotted line).
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Pro-dominant cluster exhibited an opposite trend, suggesting that
this cluster undergoes photoinhibition due to samples exposure to
extremely high light intensity and the lack of self-
protection mechanism.

Therefore, the accuracy of the log-log linear PP model depends
on the photo-physiological state of the phytoplankton. In natural
marine environment, dominant phytoplankton assemblages may be
in different physiological states, varying from light inhibition to
light limitation simultaneously. Large-scale photoinhibition may
lead to inaccurate PP predictions. However, if phytoplankton are
light-limited, the log-log linear PP model can well predict PP. Our
findings provide insights into the establishment of phytoplankton-
specific primary productivity models in marine environments.
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