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Relationships between algal primary productivity and environmental variables in
tropical floodplain wetlands
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ABSTRACT
Floodplain wetlands are among the most productive and biodiverse ecosystems on Earth and provide
a major subsidy of food resources for consumers in river systems. The basal energy source for those
consumers in many systems comes from aquatic algal production influenced by different
characteristics of the floodplain environment. Our aim was to estimate relationships between algal
productivity and environmental variables in the channels and wetlands of the Mitchell River
floodplain in tropical Australia. We measured physical, chemical, and biological variables in a range
of different wetland types (palustrine, lacustrine, and riverine) and different habitat types (emergent
macrophytes, floating macrophytes, submerged macrophytes, and open water). The most
productive areas were found among riverine wetlands and submerged habitats. The statistical
models showed that habitat type and turbidity alone can predict algal productivity with reasonable
accuracy (pseudo-R2 = 0.35, n= 63). Importantly, those attributes can be measured using remote
sensing, and hence the model can be used to predict algal productivity over wider spatial scales
and identify important “hotspot” areas of primary productivity that sustain aquatic food webs.
Through this approach we can inform current conservation and water planning frameworks to
manage the impact of human development on the productivity of wetlands at large spatial scales.

ARTICLE HISTORY
Received 7 May 2020
Accepted 27 October 2020

KEYWORDS
remote sensing; statistical
modelling; tropical rivers;
wetland management

Introduction

Floodplains are well recognised as one of the most bio-
diverse ecosystems on Earth, supporting high rates of
primary production (Davies et al. 2008, Keddy et al.
2009). Despite their importance, much of the world’s
wetlands have been lost, degraded, or strongly modified
by human activities (Davidson 2014, Reis et al. 2017).
Given population and economic trends, the pressure
on floodplains is growing (Keddy et al. 2009), particu-
larly in the tropics where development is increasing at
a rapid rate (Roggeri 2013). Threats to wetlands are
likely to continue until there is broad acceptance of
the ecological values and inherent ecosystem services
they provide (Davies et al. 2008, Reis et al. 2017).

The high aquatic production on floodplains provides
an important subsidy for organisms of higher trophic
levels (Lewis et al. 2001, Bunn et al. 2003, Jardine
et al. 2013, Saigo et al. 2015). Chemical tracer studies
using stable isotopes and fatty acids have shown that
algae are a major basal food source for river and wetland
food webs across a wide range of biomes. For example,
most of the standing biomass (range 42–97%) for fish

caught in the lower reaches of an Australian tropical
derived from floodplain algae (Jardine et al. 2013). Sim-
ilarly, fish on the Amazon floodplain derive large pro-
portions of their body mass from high-quality food
sources such as microalgae (Mortillaro et al. 2015). As
such, algae play a major role in aquatic food webs,
and understanding how algae may respond to changing
environmental conditions can be used to predict
broader ecosystem responses.

Many characteristics of aquatic environments influ-
ence the structure and function of algal communities,
and a wide array of studies has identified key environ-
mental features that affect algal productivity (Vadebon-
coeur et al. 2001, 2014, Wetzel 2001, Hall et al. 2015, Jia
et al. 2020). Light has been shown to be the overriding fac-
tor controlling aquatic primary biomass and productivity
in wetlands (Diehl et al. 2002, Davies et al. 2008, Vade-
boncoeur et al. 2014, Hall et al. 2015, Pettit et al. 2016,
Jia et al. 2020). Light availability is affected by different
physicochemical parameters such as turbidity (Chandler
1942) and dissolved organic carbon (Kirk 1994), and also
by biological features such as shading from macrophyte
cover (Grimshaw et al. 1997, Yeh et al. 2011, Pettit et al.
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2016). Nutrient availability also plays a major role in
bottom-up control of algal productivity, with nitrogen
and phosphorus as common limiting nutrients (Tilman
et al. 1982, Vadeboncoeur et al. 2001, 2006, Elser et al.
2007). Other environmental features related to algal pro-
ductivity include the presence of aquatic plants because
their leaves and stems serve as substrate for algae to attach
and grow in the euphotic zone (Pettit et al. 2016).

Although the influence of these environmental fea-
tures on algal productivity is well known in the literature,
quantifying how such environmental features can be used
to estimate productivity is less understood (Pettit et al.
2017, Jia et al. 2020). This lack of knowledge is concerning
because the expected changes on environmental condi-
tions, in the face of climate change and other human
activities, are likely to profoundly impact wetland ecosys-
tem functions. For example, increasingnutrient loads and
hydrological changes could lead to a shift from a clear
water macrophyte-dominated state to a turbid phyto-
plankton-dominated state (Scheffer et al. 1993, 2001,
Beisner et al. 2003, Scheffer and Jeppesen 2007). Many
ecosystems have experienced catastrophic shifts in their
stable states, with subsequent loss of ecological and eco-
nomic resources (Scheffer et al. 2001, Janssen et al.
2014). Improving our understanding of the relationship
between environmental features and primary productiv-
ity will provide a valuable tool to predict the outcomes of
environmental change on wetland ecosystem function.

In this study, we assessed the relationships between
locally sampled biological and physicochemical vari-
ables and microalgal productivity in a tropical flood-
plain in northern Australia by building 2 statistical
models. The first model, referred to as the Full Model,
considered all available variables and was used to under-
stand how well these could predict algal productivity
under natural conditions of inundation. The second,
referred to as the RS Model, was built using only locally
sampled variables that could also be obtained using
remote sensing techniques. The aim of the second
model was to explore the potential of using remotely
sensed data to make larger-scale projections on the spa-
tial and temporal variation in algal productivity. Such
quantitative models are needed to evaluate the potential
impact of human alterations (Ward et al. 2013) and to
guide management in face of ongoing changes in aqua-
tic ecosystems (Palmer et al. 2008).

Methods

Study site

We conducted sampling on the Mitchell River floodplain
in the Gulf of Carpentaria, northern Queensland,

Australia (Fig. 1). The Mitchell River has a catchment
area of 71 630 km2, withmost of the land cover composed
of open savannah woodland and grassland (Brooks et al.
2009).Many tropical rivers of northern Australia, includ-
ing theMitchell River, have relatively little agricultural or
urban development compared with other regions in Aus-
tralia (Jardine et al. 2015, Shellberg et al. 2017). However,
pressure on tropical Australian rivers forwater extraction
and agricultural development is increasing (Australian
Government 2015).

The strongly seasonal climate in the Mitchell River
region is due to a monsoonal weather pattern. During
the wet season (Dec–Mar), >95% of annual rainfall
occurs, and the resulting runoff creates a vast inundated
floodplain (Karim et al. 2018,). The Mitchell River fan-
delta is the largest in size, wetland extent, and volume of
water in Australia (Shellberg et al. 2017). The floodplain
includes 3 wetland types: riverine (rivers, streams);
lacustrine (large waterbodies with permanent water
such as lakes and lagoons); and palustrine (wetlands
that have fluctuating water residency, such as swamps;
Shine and Klemm 1999). These wetlands support several
types of aquatic macrophytes (Ward et al. 2013) known
to provide structural habitat for algal growth and aqua-
tic consumers (Adame et al. 2017).

Sampling protocol

We sampled locations in late April 2018 at the end of the
wet season while the wetlands were still inundated. Sites
were selected to represent 3 wetland types: lacustrine, pal-
ustrine, and riverine. We sampled 7 wetlands (Fig. 1a): 2
lacustrinewetlands (WilsonHole andBrumbyHole), 2 pal-
ustrinewetlands (TenMile andRacecourse), and 3 riverine
wetlands (Magnificent Creek, Yelko, and SandyCreek; Fig.
1a).Within eachwetland, we categorised the different hab-
itats based on the dominant macrophyte structure.

We divided the habitats within wetlands into 4 cate-
gories according to their dominant macrophyte struc-
ture: emergent habitats, submerged habitats, floating
habitats, and open water. Emergent habitats have
grasses and sedges rooted in shallow water with vegeta-
tive parts emerging vertically above the water surface
and include Urochloa mutica (Forssk.) T.Q. Nguyen
(“Para Grass”) and Hymenachne amplexicaulis
(Rudge) Nees (“Olive Hymenachne”). Floating habitats
have plants rooted in shallow water with floating leaves,
including Nymphaea L. (Nymphaeaceae) and Nym-
phoides Ség. (Menyanthaceae), Ludwigia L. (Onagra-
ceae), and the exotic weed Eichhornia crassipes (Mart.)
Solms (Pontederiaceae). Submerged habitats have plants
rooted in the benthos with the vegetative parts predom-
inantly submerged and include Utricularia L.
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(Lentibulariaceae), Vallisneria L. (Hydrocharitaceae),
and Myriophyllum L. (Haloragaceae). Open water habi-
tats are largely free of aquatic plants.

We visited each wetland once during our sampling.
Within each wetland (n = 7), we selected different loca-
tions of each habitat type (Fig. 1c), resulting in 63 obser-
vations: 23 in emergent aquatic plants habitats, 19 in
floating aquatic plants habitats, 14 in submerged aquatic
plants habitats, and 7 in open water habitats.

Water column

We measured nutrient concentrations, total suspended
solids (TSS), and coloured dissolved organic matter
(CDOM) in each wetland (n = 7). Water samples were
collected from locations near the middle of each wet-
land. We took a subsample for measurement of total
Kjeldahl nitrogen (= total organic N [TON] + ammo-
nium [NH4-N]), total nitrogen, total Kjeldahl phospho-
rus (= total organic P [TOP] + phosphate [PO4-P]), total
phosphorus [TP]), and TSS. We filtered a second

subsample using 0.45 μm Whatman GF/F filters for
measurement of dissolved Kjeldahl nitrogen (= dis-
solved organic N + NH4-N), dissolved Kjeldahl phos-
phorus (= dissolved organic P + PO4-P), oxidised
nitrogen (NOx-N = NO2-N + NO3-N), and CDOM.
We kept the samples frozen in the dark until analysis.
TSS was analysed using a gravimetric method, and
nutrient samples were analysed via segmented flow
analysis (colorimetric techniques). Analyses were con-
ducted by the Science Division Chemistry Centre,
Department of Environment and Science, Queensland
Government in Brisbane, according to Standard Meth-
ods (APHA-AWWA-WEF 2005). The detection limits
for NH4-N, TKN, NOx-N, TN, PO4-P, TP, DKN,
DKP, and TSS were 0.002, 0.04, 0.001, 0.03, 0.001,
0.02, 0.04, 0.02, and 1 mg L−1, respectively. TSS was
analysed using a gravimetric method, and nutrient sam-
ples were analysed via segmented flow analysis (colori-
metric techniques). Analyses were conducted by the
Science Division Chemistry Centre, Department of
Environment and Science, Queensland Government in

Figure 1. Study area showing: (a) the 7 wetlands sampled on the Mitchell River floodplain representing 3 wetland types (lacustrine,
riverine, and palustrine). Pin colour represents wetland type: green = lacustrine wetlands, red = riverine wetlands, and orange = pal-
ustrine wetlands. Photos illustrate typical examples of each wetland type; (b) location of the Mitchell River catchment in north
Queensland, Australia; black squares show location of the floodplain on the catchment; (c) conceptual illustration of the sampling
design at a hypothetical wetland.
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Brisbane, according to Standard Methods (APHA-
AWWA-WEF 2005). We measured CDOM using a
spectrophotometer (GBC Cintra 10E, Braeside, Austra-
lia), reading the spectral absorption at 440 nm (Tilstone
et al. 2012).

We measured the vertical light profile and turbidity
for each habitat (n = 63). To assess the vertical light
profiles across the different habitats, we measured the
photosynthetically active radiation (PAR; between
1000 and 1400 h) using a light sensor (LI-1400 datalog-
ger, Spherical Sensor LI 193; Li-Cor Biosciences, Lin-
coln, NE, USA). Ambient light was measured just
above the water surface and at every 10 cm depth. We
chose the maximum depth of measurement of radiation
at the depth where radiation was <1% of the radiation
on the surface, from which we calculated the euphotic
zone depth (zeu, in m; Kirk 1994). The diffuse attenua-
tion coefficient (Kd) was calculated as the linear slope
between depth and the measured downwelling PAR
radiation (Kd = 4.6/zeu). We also calculated the dimen-
sionless ratio between the euphotic depth and water
depth. We measured turbidity (NTU) in each habitat
using a multi-parameter meter EXO Sonde (YSI, Yellow
Springs, OH, USA).

Algal and macrophyte biomass

In each replicate habitat containing macrophytes (n =
56), we harvested plants using a 0.5 m × 0.5 m quadrat
below the water surface and within the euphotic zone
and then weighed them in the field. Subsamples of mac-
rophytes were kept frozen in the dark until returned to
the laboratory, dried at 60 °C for 48 h, and then weighed
to obtain dry weight (DW).

We measured epiphyton and phytoplankton bio-
mass using chlorophyll a (Chl-a) as a proxy. To mea-
sure epiphyton Chl-a, we scrubbed a piece of known
weight macrophyte with a soft brush to remove all
attached material, which was then suspended in tap
water and filtered onto a glass fibre (Whatman
0.7 µm GF/F) filter. To measure phytoplankton bio-
mass in open water habitats (n = 7), a known volume
of water was collected at each location and filtered
onto a glass fibre filter (Whatman 0.7 µm GF/F). The
samples were immediately frozen and kept in the
dark until returned to the laboratory, where we
extracted Chl-a with 90% acetone using a sonicator
(Lorenzen 1967, Jeffrey and Humphrey 1975) and
read it with a spectrophotometer (Shimadzu, Kyoto,
Japan; Jeffrey et al. 1997). We estimated epiphyton
areal biomass from the mass of macrophytes in the
euphotic zone and phytoplankton areal biomass
based on the vertical light profile.

Primary productivity

We measured primary productivity as carbon (C)
uptake from incubations with 13C-bicarbonate (Burford
et al. 2012, Adame et al. 2017). For the epiphyton exper-
iment, we carefully collected macrophytes from each
habitat so as not to disturb the attached epiphyton
and placed them in aerated buckets of water from the
site until the experiments were conducted (<48 h from
collection). We placed a known weight of macrophyte,
including stems and leaves with attached epiphyton, in
clear polyethylene bottles (500 mL) filled with water
from each sampling location. For phytoplankton pro-
ductivity, we filled clear polyethylene bottles (500 mL)
with water from each sampling location. In each exper-
iment, a blank sample with tap water was also incubated.

We placed the bottles inside large containers filled
with tap water (to maintain a constant temperature)
with 3 different light treatments to capture the range
of light that macrophytes are exposed to in the field
(Pettit et al. 2016). One of the containers was fully
exposed to sunlight (“light” treatment), the second
was covered with shade cloth that reduced 50% of the
light (“50% light” treatment), and the third was covered
with shade cloth that reduced 95% of the light (“dark”
treatment) but did not achieve our desired level of
100% light reduction.

To begin the experiment, we added 13C-bicarbonate
(99 atom % 13C; Cambridge Isotope Laboratories,
Tewksbury, MA, USA; 40 µM solution) to each bottle
and recorded the exact time of addition. During the
experiment, we recorded light intensity and tempera-
ture of the water inside the large containers for each
light treatment. Temperature ranged from 28 to 39 °C.
The average light intensity (in photons) was 83 µmol
m−2 s−1 in the dark treatment, 854 µmol m−2 s−1 in the
50% light treatment, and 1721 µmol m−2 s−1 in the
light treatment (measured with LI-1400 datalogger,
Spherical Sensor LI 193; Li-Cor Biosciences, Lincoln,
NE, USA). Samples were incubated for 2–3 h during
the day at full sunlight (between 1100 and 1400 h). At
the end of the experiment, we stopped the incubation
by refrigerating the bottles (4 °C) in the dark. We
brushed the epiphyton from the macrophytes using
tap water and a soft brush and filtered them onto pre-
weighed, precombusted glass filters (Whatman 0.7 µm
GF/F). We filtered open-water and blank samples
using the same method. We kept the filters frozen in
the dark until returned to the laboratory, where they
were then dried at 60 °C and weighed to measure
DW. We analysed the dried filters for 13C/12C with an
elemental-analyser isotope ratio mass spectrometer
(EA-IRMS, Sercon System, Crewe, UK).
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Primary productivity (expressed as C: mg g−1 DW h−1)
was obtained from the amount of 13C-bicarbonate uptake
during incubation (mg C), the C uptake rate (g h−1), and
the biomass of algae on the filter (g DW). The C uptake
rate is a function of the relationship between the atom
excess (%) and the atom enrichment (%) during the incu-
bation time (h). Atom excess is the difference between the
measured amount of molecular 13C of the sample and the
international standard scale 13C. Atom enrichment
reflects the relationship between the bicarbonate concen-
trations at the study location and the amount of 13C-
bicarbonate we added at the beginning of the experiment.
The bicarbonate concentrations in the study locations
ranged between 80 and 250 µM, resulting in atom enrich-
ment between 27% and 48% compared with background
levels. To extrapolate the hourly primary productivity to
daily values we considered 8 hours a day of light. We cal-
culated areal primary productivity (C: mg m−2 d−1) by
integrating primary productivity through the water col-
umn based on the 13C-bicarbonate incubation data at
different light treatments, vertical light profile, and bio-
massmeasurements. Because we did not have a treatment
of 0% light, we assumed a linear decline in productivity
from 5% to 0% light.

Statistical analyses

Using R 3.6.0 (R Development Core Team 2019) for
analyses, we built 2 statistical models with the locally
sampled variables as predictors. The first was the Full
Model, which considered all available variables: habitat
type (macrophyte structures and open water); nutrients
such as ammonium, DKN, TN, phosphate, DKP, TP,
and the molar ratio of TN to TP (TN/TP); light variables
such as euphotic zone depth and the diffuse attenuation
coefficient (Kd); and physical variables including
CDOM, TSS, and turbidity. The second model, the RS
Model, was built using the locally sampled variables
that could also be obtained using remote sensing tech-
niques. Therefore, we limited our selection of potential
predictors used in the RS Model to the following vari-
ables: habitat type, CDOM, TSS, and turbidity. Nutrient
variables and turbidity were log transformed to ensure
we had adequate predictor ranges and to reduce the
effect of high leverage values. Emergent habitat was
used as a reference level for habitat type in the statistical
models.

We used linear mixed-effect models with a log-trans-
formed response variable and site as a random intercept
to account for the multiple observations at each wetland
(Bates et al. 2015). For both the Full Model and the RS
Model, we selected the best-fitting model using the
Akaike information criterion (AIC, widely used in

ecology; Aho et al. 2014), which balances the trade-off
between goodness of fit and complexity of models (Hur-
vich and Tsai 1989).

For each model, we visually inspected their residuals
to ensure we had sufficiently modelled the mean–
variance relationship. For the RS Model, we used exter-
nal cross-validation to test the predictive performance
(Burman 1989) in which we set aside one random obser-
vation per site for prediction and trained the model on
the remaining data. We repeated this process 100 times
and calculated the correlation between the predicted
and observed values each time. We report the average
correlation of all 100 cross-validation tests and the over-
all correlation between all predicted and observed values
pooled into 1 sample.

We performed pairwise comparisons using Tukey’s
honestly significant difference (α = 0.05 for all analyses;
Miller 1981, Yandell 1997) to verify statistically signifi-
cant differences in primary productivity among wetland
types and habitat types. Finally, to evaluate how well our
models reproduce the observed data, we used the condi-
tional pseudo-R2 (Nakagawa et al. 2013) and the corre-
lation between observed and fitted values of the original
models.

Results

Water column

The floodplain wetlands were characterised by shallow
waterbodieswith varying turbidity, CDOM, and nutrient
concentrations. The riverine wetlands Magnificent
Creek and Yelko had the highest mean turbidity values,
averaging 51 and 36 NTU respectively, followed by Wil-
son Hole (lacustrine) with an average 28 NTU. Euphotic
depths were deeper in lacustrine and palustrine wetlands
compared with riverine wetlands (Table 1). CDOM was
consistently >4 m−1 in all habitats except the riverine
wetland Sandy Creek (1.8 m−1). Palustrine wetlands
had the highest concentration of nutrients. For example,
TP was twice as high in palustrine sites compared to any
other wetland type. Themolar ratio TN/TPwas >10 in all
locations and lowest in riverine wetlands.

The light profile and depth varied across wetlands
and habitats. All wetlands were relatively shallow (aver-
age depth = 0.7 m, range 0.15–2.20 m), with palustrine
wetlands generally deeper than the other wetland
types (Table 1). Open water habitats tended to be deeper
while emergent vegetation habitats were usually shal-
lower and closer to the edges of the wetlands. The
euphotic depths were higher in the open water com-
pared to emergent and floating habitats (p < 0.001 and
p = 0.02, respectively).
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Primary producer biomass and productivity

The biomass and productivity of the primary producers
(aquatic plants and algae) varied significantly among the
different habitats. The average plant biomass across all
locations was low in submerged habitats, with an average
DW of 331.1 g m−2 compared to floating plants with
755.2 g m−2 and emergent plants with 542.4 g m−2

(Table 2). Despite the relatively low biomass of sub-
merged plants, these habitats supported much higher
epiphyton Chl-a (192.1 μg m−2) than the other habitats.
Hence, the amount of epiphyton Chl-a per gram of
plant biomass (DW) was higher in submerged habitats
(0.58 μg g−1) than on emergent and floating habitats
(0.09 and 0.04 μg g−1, respectively). Similarly, higher
rates of epiphyton productivity (as carbon) were
found in submerged plants habitats, with an average
of 335.7 mg m−2 d−1. Phytoplankton Chl-a was lowest
in open water habitats (9.5 μg m−2), and its productivity
(C: 112.9 mg m−2 d−1) was within the same range found
for emergent and floating habitats (Table 2).

Statistical models

The variable selection process for the Full Model
included a larger number of variables than the variable
selection process for RS Model because it was not lim-
ited to variables only available via remote sensing.
Nonetheless, the best fitting Full Model and the best
fitting RS Model, identified by AIC, included the same
predictor variables and explained 34.7% of the variation
in primary productivity (C: mg m−2 d−1; pseudo-R2 =
0.35; Fig. 2). As such, we subsequently report the results
as a single statistical model that included habitat type
(macrophyte structure and open water) and turbidity
as fixed effects (Table 3). The submerged habitat was
significantly higher than the other macrophyte habitats
and open water, with emergent habitat used as a cate-
gorical variable in the model (Fig. 3a). Turbidity was
positively related to algal productivity (Fig. 3b). The
average and correlation between observed and predicted
values following cross-validation testing of the RS
Model was 0.41 while the overall value with all cross-
validation observations pooled into a single sample
was 0.52. These results are comparable to the correlation
between observed and fitted values of the original
model, 0.62.

Discussion

Using an approach that integrates field data collection,
experimental work, and statistical modelling, we quan-
tified relationships between algal productivity and envi-
ronmental features in tropical floodplain wetlands.
Previous studies also identified the existence of a rela-
tionship between algae dynamics and environmental
variables not collectable via remote sensing, such as
light (Wu et al. 2013, Vadeboncoeur et al. 2014, Jia
et al. 2020) and nutrient concentrations (Vadeboncoeur
et al. 2001, Jia et al. 2020), among others. After including
these and other locally collected variables as potential
predictors, the final model in our study included only
variables that can be retrieved through remote sensing.
While the relationships identified are correlative and
not necessarily deterministic, we found that habitat
type and turbidity alone can be used to predict algal pro-
ductivity with reasonable accuracy. Those relationships
can be used to identify hotspots of primary productivity
across the Mitchell River floodplain, which can assist
natural resource managers to address emerging threats
to floodplain wetlands. Incorporating studies of algal
productivity into conservation planning and ecosystem
management can help avoid the severe degradation that
other wetlands in Australia and tropical systems across
the world are facing (Lemly et al. 2000, Gopal 2013).

Table 2. Biomass of macrophyte, algae chlorophyll a, (Chl-a)
and algal productivity per habitat (emergent, floating,
submerged, and open water) and their standard deviations. n
= number of samples.

Habitat type
Biomass of plants
(dry weight; g m−2)

Algal Chl-a
(μg m−2)

Algal productivity (C)
(mg m−2 d−1)

Emergent
(n = 24)

542.4 (500.5) 51.2 (94.1) 121.3 (157.1)

Floating
(n = 18)

755.2 (760.6) 29.4 (31.4) 88.5 (106.5)

Submerged
(n = 14)

331.1 (369.3) 192.1 (210.9) 335.7 (319.9)

Open water
(n = 7)

– 9.5 (2.9) 112.9 (62.8)

Table 1. Mean (standard deviation) of physical and chemical
variables across the different wetlands sampled at the end of
2018 wet season. zeu is the euphotic zone depth and Kd is the
diffuse light attenuation coefficient. <0.001 indicates below
detection limit (see methods).

Lacustrine Palustrine Riverine

Ammonium-N (mg L−1) 0.007 (0.001) 0.011 (0.003) 0.006 (0.001)
NOxN (mg L−1) <0.001 (0) <0.001 (0) 0.001 (0.001)
DON (mg L−1) 0.47 (0.09) 0.73 (0.17) 0.35 (0.10)
TON (mg L−1) 0.67 (0.04) 0.94 (0.12) 0.53 (0.18)
TN (mg L−1) 0.68 (0.05) 0.96 (0.12) 0.54 (0.18)
PO4-P (mg L−1) 0.003 (0.003) 0.04 (0.030) 0.003 (0.001)
DOP (mg L−1) 0.03 (0.01) 0.04 (0) 0.03 (0.02)
TP (mg L−1) 0.08 (0.03) 0.21 (0.14) 0.08 (0.04)
TN/TP (molar) 22.25 (9.6) 19.8 (14.4) 17.2 (5.6)
TSS (mg L−1) 8.56 (4.09) 3.89 (2.05)

6.19 (0.31)
5.54 (0.90)

CDOM (m−1) 5.24 (0.86) 4.60 (1.73)
Turbidity (NTU) 17.63 (18.35) 11.49 (7.20) 37.98 (33.76)
Depth (m) 0.75 (0.31) 0.91 (0.20) 0.73 (0.51)
zeu (m) 0.51 (0.18) 0.53 (0.14) 0.44 (0.18)
Kd (m

−1) 9.0 (3.7) 8.7 (2.7) 10.5 (5.7)
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Wetlands are under increasing pressure to meet
human demands around the world (Kingsford 2015,
Reis et al. 2017), including in northern Australia
where agricultural development and the associated
water resource development is being promoted by the
Australian government (Australian Government
2015). Urban, water resource, and agricultural develop-
ment can impact wetlands in multiple ways, including
changes to flow patterns and magnitude and changes
to environmental variables such as nutrients and turbid-
ity (Kingsford 2015). These changes can ultimately trig-
ger a shift to an alternative state, with catastrophic
impacts on ecosystem biodiversity (Scheffer et al. 2001).

Anthropogenic pressures on aquatic bodies can lead
to an unwanted phytoplankton-dominated state with
subsequent high turbidity (e.g., Scheffer et al. 1993, Jans-
sen et al. 2014). Those shifts are often related to increas-
ing nutrient concentration, where crossing a critical
threshold can lead to a change in the stable state. Our

results suggest that the wetlands of the Mitchell River
floodplains are in a clear-water state. While our results
cannot identify the threshold at which a change in con-
ditions would lead to a change in the state of the wet-
lands, they do provide information on the
environmental conditions sustaining the current state
under relatively little anthropogenic disturbance.

The rates of epiphyton productivity found in this
study (average C of 163.8 mg m−2 d−1) were within the
range found by Adame et al. (2017) in another tropical
floodplain system (Alligator Rivers Region) in northern
Australia. The phytoplankton productivity (average
113.0 mg m−2 d−1) in open water habitats was consis-
tently higher than the epiphyton productivity in emer-
gent and floating habitats, but lower than epiphyton
productivity in submerged habitats across the wetlands.
Phytoplankton productivity was also similar to the rates
found by Adame et al. (2017) and by Burford et al.
(2012) in the unregulated Flinders River, southern
Gulf of Carpentaria. The algal productivity results none-
theless are in the low range of productivity compared to
other tropical floodplains (Davies et al. 2008), which
might reflect the low nutrient concentrations found on
our study wetlands.

The results from the final statistical model identified
statistical relationships among habitat type (macrophyte
cover), turbidity, and algal productivity rates. Turbidity
was expected to have a negative relationship with algal
productivity because of the shading effect of suspended
particles that limit light penetration. Our counterintui-
tive finding of a positive relationship may be explained
by the relatively low range of turbidity found in the

Figure 2. Observed values of primary productivity and the predicted values with the pseudo-R2 values for the final statistical model.

Table 3. Coefficients of the final statistical model. Selection for
the Full Model and the RS Model yielded the same predictor
variables to explain the log-transformed algal productivity as
C (mg m−2 d−1). SE is standard error. Turbidity (NTU) was log
transformed and habitat type was referenced against
emergent habitat (see Methods).

Full/RS model

Variable Coefficient SE p value

Intercept 0.761 0.929 0.41
Habitat type Floating 0.430 0.487 0.38

Open water 1.261 0.639 0.05
Submerged 2.405 0.554 <0.001

Log(turbidity) 0.885 0.272 0.001
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Mitchell River floodplain wetlands, suggesting that
turbidity was not high enough to limit light. Similar
results were found in the Flinders River, also in tropical
Australia, where moderate turbidity values were not
enough to limit the available light at the bottom of
most of the sampled aquatic bodies (Jardine et al.
2013). In other regions, much higher values of turbidity
played an important role in limiting light, and hence
algal productivity (Burford et al. 2011, Hall et al.
2015). Additionally, our field results identified a positive
correlation between turbidity and phosphorus, suggest-
ing the positive turbidity–productivity relationship may
be driven by availability of nutrients. In river–floodplain
systems, turbidity can be associated with TP concentra-
tion (Mayora et al. 2018). While nutrients may be the
underlying driver of productivity, turbidity may provide
a surrogate measure for algal productivity and can easily
be monitored by remote sensing, as long as it is within
the range of ground observations.

Habitat type was also found to be an important var-
iable explaining algal productivity. Epiphyton produc-
tivity rates were higher in submerged habitats than in
emergent and floating habitats. Because of their com-
plex leaf and branching structures, submerged macro-
phytes tend to have greater surface area for algal
colonisation, supporting higher algal productivity than
other plants habitats (Pettit et al. 2016). Further, the
dense emergent and floating plants self-shade their tis-
sues, thereby reducing light, and subsequently algal pro-
ductivity, compared to the submerged habitats
(Hinojosa-Garro et al. 2010).

Our results showed that turbidity and habitat type
can be used to estimate algal productivity rates with
reasonable predictive performance. Because habitat
type and turbidity can be detected by remote sensing

(Adam et al. 2010, Ward et al. 2013), the widespread
application of these findings is feasible via a statistical
model built on remote sensing data alone. This process
would provide a tool to estimate spatial variation of
algal productivity rates across the Mitchell River flood-
plain. Importantly, we developed a model that can
estimate algal productivity at similar locations across
the floodplain using remote sensing, which can help
identify likely hotspots of algal productivity. The appli-
cation of this type of statistical model to broader spa-
tial scales would require cautious application;
nonetheless, it could help prioritise locations and
regions to protect from the impacts of water resource
development given their likely importance to ecosys-
tem function.

Understanding the ecosystem response to likely
changes in water quantity and quality is crucial for wet-
lands conservation, and modelling can provide a techni-
cal basis for making informed decisions (Turner et al.
2000). Scenarios of water resource and floodplain devel-
opment can be used to quantify likely changes in spatial
and temporal patterns of floodplain inundation (Karim
et al. 2018, Petheram et al. 2018). The relationships
identified in this study and the developed statistical
model provide means to identify and minimise the
risks of such development by predicting landscape-
scale changes in algal productivity given potential devel-
opment scenarios across Mitchell River floodplain.
These predictions could then be integrated into other
models to estimate potential cascading impacts on aqua-
tic biodiversity and fisheries productivity. Additional
field measurements across other floodplain wetland sys-
tems and during different times of the inundation
regime and a broader range of turbidity would improve
the robustness of these predictions.

Figure 3. Predicted relationships of the final statistical model to explain the log-transformed algal productivity (expressed as C) at
population level (site = 0) for (a) habitat type and (b) natural logarithm of turbidity. The grey confidence bands represent the 95%
predictive intervals. Turbidity was set to its mean within each habitat type to generate predictions in (a) and habitat type was set
to “emergent” to generate the predictions over the complete range of turbidity in (b). Two outlier observations were excluded for
a better visualisation of the plots.
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