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Abstract
To determine the drivers of phytoplankton biomass, we collected standardized morphometric, physical, and
biological data in 230 lakes across the Mediterranean, Continental, and Boreal climatic zones of the European
continent. Multilinear regression models tested on this snapshot of mostly eutrophic lakes (median total phosphorus [TP] = 0.06 and total nitrogen [TN] = 0.7 mg L1), and its subsets (2 depth types and 3 climatic zones),
show that light climate and stratiﬁcation strength were the most signiﬁcant explanatory variables for chlorophyll a (Chl a) variance. TN was a signiﬁcant predictor for phytoplankton biomass for shallow and continental
lakes, while TP never appeared as an explanatory variable, suggesting that under high TP, light, which partially
controls stratiﬁcation strength, becomes limiting for phytoplankton development. Mediterranean lakes were the
warmest yet most weakly stratiﬁed and had signiﬁcantly less Chl a than Boreal lakes, where the temperature
anomaly from the long-term average, during a summer heatwave was the highest (+4 C) and showed a signiﬁcant, exponential relationship with stratiﬁcation strength. This European survey represents a summer snapshot
of phytoplankton biomass and its drivers, and lends support that light and stratiﬁcation metrics, which are both
affected by climate change, are better predictors for phytoplankton biomass in nutrient-rich lakes than nutrient
concentrations and surface temperature.

Globally, temperature, light, and nutrients are key drivers
of phytoplankton blooms, but their relative importance in
determining algal biomass strongly depends on the role of
thermal stratiﬁcation, that is, water column stability
(Sverdrup 1953; Cloern 1996; Ptacnik et al. 2003; Carvalho
et al. 2016). As a matter of fact, the relative importance of
these drivers and interactive mechanisms between them cannot be fully resolved without including thermal stability
(Winslow et al. 2017). This is particularly relevant under
global processes of eutrophication and climate warming
(Sinha et al. 2017) as some research foresees an allied impact
of eutrophication and climate change effects in promoting
harmful cyanobacterial blooms (Moss et al. 2011).
Stratiﬁcation suppresses the exchange of heat and dissolved
substances between the epi- and hypolimnion by reducing turbulent motions that otherwise would facilitate transport
(Wüest and Lorke 2003). While the vertical structure of the
water column constitutes the ﬁrst response to temperature ﬂuctuations (Sahoo et al. 2016), it also regulates the development
of phytoplankton biomass by affecting light and nutrient availability (Yang et al. 2016), as well as phytoplankton settling, and
therefore exerts a strong control on lake ecosystem functioning
(Scheffer et al. 2001; Bartosiewicz et al. 2015).
Especially when nutrients are not limiting (e.g., in eutrophic lakes), light climate and stratiﬁcation strength likely play
dominant roles in regulating phytoplankton biomass (Fig. 1),
and this role of light as a limiting resource has been suggested

since the early days of eutrophication research (Mur
et al. 1977). In general, by controlling light and nutrient availability, the underwater light climate and stratiﬁcation strength
determine phytoplankton growth conditions. When stratiﬁcation is strong, thus suppressing ﬂuxes from the deeper layers,
mixing is restricted to the surface layer. Under such conditions, phytoplankton is constantly maintained within the
euphotic zone, promoting algal growth until nutrients are
depleted or other factors as grazing and sedimentation take
over in controlling phytoplankton biomass (Fig. 1a; Camacho 2006; Reynolds 2006; Yankova et al. 2017). When stratiﬁcation is weak, water column mixing can reach deep and
nutrient rich waters, however potentially taking the algal communities beyond the euphotic zone that would limit their
growth (Ibelings et al. 1994; Fig. 1b). One other ecological
consequence of a strongly stratiﬁed lake is that phytoplankton
may have reduced access to nutrients that remain locked in
the hypolimnion (Nürnberg 1984; Posch et al. 2012; Salmaso et al. 2020). Yet, while the strength of stratiﬁcation is
determined primarily by light climate and heat exchange,
other factors too can affect the extent and duration of the
stratiﬁcation, such as lake morphology (i.e., basin geometry, maximum depth and surface area) (Thompson and
Schmidt 2005; Kirillin and Shatwell 2016; Magee and
Wu 2017) as well as the dissolved organic and inorganic
carbon content of the water, wind orientation and sheltering. Dissolved organic matter in general can have a huge
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climatic gradients, the “grassroots” European Multi Lake Survey (EMLS) was organized during summer 2015, which coincided with the period of maximum stratiﬁcation in most of
the examined lakes. Data from the EMLS are publicly available
(Mantzouki et al. 2018). Here, we report on the difference in
Chl a as a proxy for phytoplankton biomass between 230 of
the EMLS lakes to: (1) determine the dependency of phytoplankton biomass at the continental scale on a set of ecosystem drivers, including growth conditions (total phosphorous
[TP], total nitrogen [TN], lake temperature, and light) and
morphophysical properties (lake depth, surface area, light climate, and stratiﬁcation strength); and (2) investigate potential
interactions between these predictors that inﬂuence phytoplankton biomass.
Fig 1. Schematic overview of how lake N2 and light climate (Zeu/Zmix)
may deﬁne phytoplankton biomass in nutrient-rich lakes. (a) A strong
stratiﬁcation (> N2) allows phytoplankton to circulate well within the
euphotic zone (Zeu/Zmix ≥ 1)—promoting growth. (b) A weaker stratiﬁcation (< N2) allows deeper mixing, hence phytoplankton communities are
highly diluted—eventually below the euphotic zone (Zeu/Zmix < 1).

impact on stratiﬁcation by inﬂuencing light penetration, and
consequently surface heating, as seen in humic boreal lakes
(Heiskanen et al. 2014). Wind and convection, acting on the surface mixed layer (SML), control a lake’s interior diffusive ﬂuxes
regulating the physical environment experienced by phytoplankton. Important properties of the SML, such as its depth,
vary widely among lakes as the result of a speciﬁc balance
between factors that strengthen stratiﬁcation (surface warming),
and factors that disrupt or deepen the layer, such as wind shear
and surface cooling (Imberger 1985; Imboden and Wüest 1995;
Boehrer and Schultze 2008).
Stratiﬁcation of lakes is changing under the impact of
eutrophication, re-oligotrophication and climate warming
(Flaim et al. 2016). For instance, in recent decades, the
strength of stratiﬁcation of lakes in northeastern North America has clearly increased (Richardson et al. 2017); a phenomenon that might be further enhanced by a trend of
atmospheric stilling (Woolway and Merchant 2019). Analyses
of the 2007 National Lake Assessment, NLA dataset (Pollard
et al. 2018) showed that synergistic interactions between
nutrients and temperature promoting algal or cyanobacterial
developments are probable, especially in the eutrophic and
hypereutrophic subsets of NLA lakes (Rigosi et al. 2014).
Kosten et al. (2012) provided more support for synergistic
interactions between nutrients and temperature in determining chlorophyll a (Chl a) and cyanobacterial dominance in a
multilake survey along a latitudinal gradient stretching from
the tip of South America to the equator. However, no lake
physical variables other than surface temperature, such as density gradient or stratiﬁcation strength, were included in these
large-scale studies on drivers of algal biomass.
To further our understanding of the main drivers and their
interactions on phytoplankton biomass across continental

Methods
EMLS organization
During the EMLS in summer 2015, 230 lakes were sampled across major geographical and climatic regions in
Europe for various chemical, physical, and biological
parameters using highly standardized sampling protocols
(Mantzouki et al. 2018; Mantzouki and Ibelings 2018). All
key variables were analyzed centrally (by one person on one
machine) in dedicated laboratories to ensure data comparability and a fully integrated dataset.
The lake sampling site was selected as either the historical
sampling point, for which long-term records exist, or the geographic center of the lake. The sampling period was deﬁned as
the warmest 2-week period of the summer, based on long-term
(minimum 10 yr) air temperature data of each region. An in
situ temperature proﬁle carried out on the sampling day was
used to identify and characterize the thermocline as the point
where there was ≥ 1 C change of temperature per meter lake
depth. An integrated water sample was obtained from 0.5 m
depth to the bottom of the thermocline using a water sampler
that could effectively sample the whole volume without creating intervals. In nonstratiﬁed shallow lakes, an integrated
sample was drawn from 0.5 m below the lake surface to 0.5 m
above the lake bottom.

Nutrient analyses
Total phosphorus and nitrogen concentrations were
assessed in unﬁltered samples. Sample bottles were acid
washed overnight in 1 M HCl and rinsed with demineralized
water before usage. Nutrients were measured using a Skalar
SAN+ segmented ﬂow analyzer (Skalar Analytical BV, Breda,
the Netherlands) with UV/persulfate digestion integrated in
the system. The limit of detection was 0.02 mg L1 for TP and
0.2 mg L1 for TN. TP was analyzed following NEN (1986) and
TN according to NEN (1990). All nutrient analyses were performed at the University of Wageningen, the Netherlands.
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Pigment analyses
Pigment analysis, modiﬁed from the method described by
Van der Staay et al. (1992), was carried out to determine concentrations of Chl a and Zeaxanthin (Zea). Measurement of
Zea concentrations in the EMLS lakes were carried out with
the aim of investigating cyanobacterial biomass, alongside to
the general phytoplankton biomass estimate obtained with
Chl a. Filters (45 mm diameter GF/C or /F) were freeze-dried
for 6 h and then cut in half, placed in separate Eppendorf
tubes, and kept on ice. A number of 0.5 mm beads and 600 μL
of 90% acetone were added to each tube. To release the pigments from the phytoplankton cells and increase the extraction yield, tubes were placed on a bead-beater for 1 min and
then in an ultrasonic bath for 10 min. To ensure complete
extraction of the total pigment content of the ﬁlters, the beadbeater and ultrasonic bath steps were performed twice. To
achieve binding of the pigments during the high-performance
liquid chromatography (HPLC) analysis, 300 μL of a tributyl
ammonium acetate (1.5%) and ammonium acetate (7.7%)
mix were added to each tube. Lastly, samples were centrifuged
at 15,000 rpm and 4 C for 10 min. Next, 35 μL of the supernatant from Eppendorf tubes were transferred into glass HPLC
sampling vials. Pigments were separated on a Thermo Scientiﬁc ODS Hypersil column (250 mm  3 mm, particle size
5 μm) in a Shimadzu HPLC, using a KONTRON SPD-M2OA
diode array detector. The different pigments were identiﬁed
based on their retention time and absorption spectrum and
quantiﬁed by means of pigment standards. Pigment analysis
was performed at the University of Amsterdam, the
Netherlands.

Lake groups
Lake classiﬁcation was based on climatic zone and depth
type. Predicted climatic zones based on different IPCC scenarios (2000–2025; Rubel and Kottek 2010) were used to avoid
the inconsistency in available digital maps, especially for areas
such as the Alpine region (Rubel et al. 2017). The climatic
zones were deﬁned using the Köppen-Geiger’s classiﬁcation
(Köppen 1900). This classiﬁcation regards the main climate of
the region (C = warm temperate, D = alpine), precipitation
levels (f = fully humid, s = summer dry), and mean temperature (a = hot summers, b = warm summers). For easier interpretation and more statistical power, climatic regions that
were of the same main climate and precipitation level were
combined in three main ones: Mediterranean (Csa and Csb,
n = 54 lakes), Continental (Cfa and Cfb, n = 128 lakes), and
Boreal (Dfb and Dfc, n = 48 lakes) (Fig. 2). This way, only the
mean temperature varied within each of the combined groups,
which allowed for testing of a temperature gradient. The selection of climatic zones has a clear advantage over a latitudinal
analysis, as several lakes within the Continental region are
classiﬁed as Boreal lakes based on their climatic characteristics
rather than their position on a latitudinal gradient (see
Table S1 for list of EMLS lakes and corresponding climatic zone).
The EMLS lakes were categorized into shallow (< 6 m maximum depth, n = 93 lakes) and deep (> 6 m maximum depth,
n = 137 lakes). This classiﬁcation was used in previous snapshot surveys as an approximation for weakly or strongly thermally stratiﬁed systems (Kosten et al. 2012; Beaulieu
et al. 2013).

Fig 2. Location of the 230 EMLS lakes distributed over the main climatic zones of the European continent (Rubel and Kottek 2010). The Mediterranean
region (n = 54) consists of Csa and Csb classes (C, warm temperate; s, summer dry; a, hot summer; b, warm summer), the Continental region (n = 128)
of Cfa and Cfb (f, fully humid; rest as above), and the Boreal region (n = 48) of Dfb and Dfc (D, snow; c, cool summer; rest as above).
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Table 1. List of lake variables with their units, range of values, means, medians, and standard deviations for the 230 EMLS lakes. Variables with * are included in the linear models.
Variable

Units

Mean  SD

Range

Median

Maximum depth

maxD

m

1–310

2341

Surface area*

SurfA

km2

0.001–580

1969

5

Total nitrogen*
Total phosphorus*

TN
TP

mg L1
mg L1

0.1–5
0.02–1

1.00.8
0.10.1

0.70
0.06

Surface temperature*

SurfT



C

14.6–33

233.4

22.4

Average temperature
Secchi depth

AvT
SD



C
m

13.4–33
0.16–10

213.5
1.81.7

20.6
1.19

Light climate*

Zeu/Zmix

1.01.0

0.63

Stratiﬁcation strength *
Chlorophyll a*

N2
Chl a

s2
μg L1

Zeaxanthin

Zea

μg L1

-

0.02–11
3105–3102
0.03–933
0.00–90

Statistical analysis
To disentangle the importance of various drivers of phytoplankton biomass, we applied linear regression models to six
lake groups: all, deep, shallow, Mediterranean, Continental,
Boreal. We (1) assessed the quality of the statistical models
after excluding collinear and nonsigniﬁcant variables,
(2) included groups of interactions and nominal variables as
environmental predictors, and (3) discussed the three most
important predictors for each model.

Response variable and environmental predictors
The response variable of all regression models was the concentration of Chl a obtained from the HPLC analysis, which
was used as a proxy for total phytoplankton biomass
(Pinckney et al. 2001; Tamm et al. 2015) and tested with the
following single predictors: maximum depth (maxD), surface
area (SurfA), TN, TP, surface temperature (SurfT), average temperature (AvT), Secchi disk depth (SD), light climate (Zeu/
Zmix), and maximum buoyancy frequency (stratiﬁcation
strength, N2) (Table 1).
Surface and average temperatures were determined via a
water column proﬁle with a temperature probe, taking respectively the temperature of the top 0.5 m of the water column
and the average of the full proﬁle.
Light climate was deﬁned as the ratio of euphotic depth over
mixing depth (Zeu/Zmix), which describes the light that phytoplankton experience while circulating through the water column (Scheffer et al. 1997). The equation Zeu = 2  SD (Secchi
depth) was used to calculate Zeu (equation selected as an average estimate from the range of constants reported in literature,
e.g., Koenings and Edmundson 1991; Salmaso 2002; Brentrup
et al. 2018). In stratiﬁed lakes, Zmix was determined as the
depth of the steepest density gradient (Winslow et al. 2017). In
nonstratiﬁed shallow lakes, Zmix matched the maximum depth
and sampling depth. Water density was calculated according to

51034103
44110
39.7

10.00

4.103
9.98
0.68

the combined effects of salinity (set to 0) and water temperature
based on the method of Millero and Poisson (1981).
Lake stratiﬁcation is the density-induced layering of the
water column (Boehrer and Schultze 2008). Strength of water
column stratiﬁcation was determined by the N2 given by the
Brunt Väisälä equation or buoyancy frequency, N (s1).
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
 ﬃ
 
g ∂ρ
g ∂ρ
N¼ 
;N 2 ¼ 
ρ ∂z
ρ ∂z

ð1Þ

Buoyancy frequency is greater than zero, when a water volume (of density ρ) that is displaced vertically (z) from its initial
position without heat transfer, experiences a restoring force. If
N2 < 0 instead, the water parcel tends to be displaced away
from its initial position and the vertical water column is
locally unstable. Here, we use the symbol N2 to indicate the
maximum value over the entire water column. By suppressing
vertical turbulent eddies, density stratiﬁcation determines the
water column stability so that, in general, the greater the density gradient, the slower the diffusive exchange of water constituents between the hypolimnion and the epilimnion
(Boehrer and Schultze 2008).
Three groups of interactions between some of the aforementioned variables, selected based on ecological theory and
previous literature, were included as additional predictors in
the models. Namely the interaction between (1) nutrients and
surface temperature (Rigosi et al. 2014), (2) stratiﬁcation
strength and light climate (Graff and Behrenfeld 2018), and
(3) surface area and light climate.
Analysis of variance
Differences in mean values of the selected variables within climatic zones and depth types were tested using one-way ANOVA.
Homogeneity of variance was tested using the Levene’s test from
the car R package (Fox and Weisberg 2011). In case of heterogeneity, a Kruskal–Wallis test was used instead of ANOVA. Post hoc
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pairwise comparisons for unequal sample sizes were performed
using Tukey HSD (Honest Signiﬁcant Difference) or Games–
Howell test (userfriendlyscience R package; Peters et al. 2018) for
homogeneous or heterogeneous variance, respectively.
Multiple linear regression model
All variables were log-transformed (natural logarithm) to
obtain a normal and homogeneous distribution. Stepwise
selection (backwards and forward) was used for model selection where the AIC scores were compared based on a modiﬁed
equation that corrects for unequal sample size among categories (R code provided by Statoo Consulting, Switzerland). If
the interaction term was signiﬁcant (p ≤ 0.05), the lower order
terms were included in the equation. The most parsimonious
model, in which elimination or addition of any other predictors would not improve the model by ΔAIC > 2, was used for
the ANOVA. The metric “lmg” of the relaimpo R package
} mping 2006) was used to decompose the overall R2 of
(Gro
each ﬁnal model into the absolute contributions of each predictor term and their interaction terms (similarly done in
Rigosi et al. 2014). The relative contribution of each predictor
was normalized, by forcing the sum to 100%. A bootstrapping
approach was used to replicate the observed data 9999 times
and determine if there were any clear differences between the
predictors of the interaction terms with regards their relative
} mping 2006). If
contribution to the interaction term (Gro

those differences included zero, it indicated that the predictors
were not signiﬁcantly different from each other, meaning that
they contributed similarly to the interaction term. When the
interaction term had a signiﬁcant value of p < 0.05 and was
positive, it was interpreted as a synergistic interaction.
To avoid multicollinearity between the interactions and
their main effects, we checked the variance inﬂation factor
(VIF). If VIFs were exhibiting high numbers (VIF > 3, threshold
according to (Zuur et al. 2010), we centered the interaction
term with the mean of the raw variables which alleviated the
collinearity problem.
We applied multiple linear regression models to test the relative importance of the selected response variables in
explaining Chl a variance. The model applied was:
Chl a ¼ A0 þ A1 XSurfA þ A2 XN2 þ A3 XSurfT þ A4 XTN þ A5 XZeu=Zmix
þ A6 XN2Zeu=Zmix þ ε
ð2Þ
where A0 represents the intercept term, A1–A6 are model parameters for each respective predictor in the models, “*” denotes the
interaction between two terms, and ε is an error term. Two multiple linear regression models were applied to the entire EMLS
group of lakes. Apart from the full set of environmental predictors,
each of these two models included the nominal variable “depth
type” or “climatic zone” (see Supplementary Material for more

Table 2. List of applied models and relative metrics. AIC does not apply correctly if number of observations is not the same, for which
we rely on R2.

Lake group
(1) All-a

Multilinear model
Chl a = 9.06  0.23 (SurfA)  0.31 (N ) + 3.36 (SurfT)
2

N lakes

R2

AIC

230

35%

842.43***

230

30%

856.65**

93

31%

Na

137

12%

Na

54

45%

Na

128

25%

Na

48

43%

Na

+ 0.46 (TN) + 0.47 (Zeu/Zmix) + 0.18 (N2*Zeu/Zmix) 
(2) All-b

0.90 (Cont)  2.06 (Med)
Chl a = 2.44  0.15 (SurfA)  0.11 (N2) + 1.12 (SurfT)
+ 0.31 (TN) + 0.45 (Zeu/Zmix) + 0.19 (N2*Zeu/Zmix)

(3) Shallow

+ 1.17 (Shallow)
Chl a = 0.33–0.05 (SurfA)  0.17 (N2) + 0.48 (SurfT)

(4) Deep

+ 0.78 (TN)  0.09 (Zeu/Zmix) + 0.12 (N2*Zeu/Zmix)
Chl a = 0.65  0.14 (SurfA) + 0.07 (N2) + 0.84 (SurfT)
+ 0.01 (TN) + 1.13 (Zeu/Zmix) + 0.29 (N2*Zeu/Zmix)

(5) Med.

Chl a = 17.035  0.23 (SurfA)  0.029 (N2) + 5.26
(SurfT) + 0.40 (TN) + 0.83 (Zeu/Zmix) + 0.22 (N2*Zeu/

(6) Cont.

Chl a = 5.40  0.26 (SurfA)  0.33 (N2) + 1.88 (SurfT)
+ 0.47 (TN) + 0.23 (Zeu/Zmix) + 0.12 (N2*Zeu/Zmix)

(7) Bor.

Chl a = 15.65  0.15 (SurfA)  0.005 (N2) + 6.05

Zmix)

(SurfT) + 0.41 (TN) + 2.77 (Zeu/Zmix) + 0.62 (N2*Zeu/
Zmix)
* P ≤ 0.05.
** P ≤ 0.01.
*** P ≤ 0.001.
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Fig 3. EMLS log-transformed response variable, (a) Chl a, and signiﬁcant
predictors: (b) surface temperature, (c) total nitrogen, (d) maximum
buoyancy frequency (stratiﬁcation strength), (e) light climate (Zeu/Zmix),
and (f) surface area, averaged over climatic zones. Signiﬁcant differences
at the 0.05 level are marked with *. Different italic letters indicate signiﬁcant differences among categories (Tukey test; p < 0.05).

detail). These nominal variables comprehend the lake subsets to
which the same multilinear regression model that was further
applied, that is, deep, shallow, Mediterranean, Continental, Boreal
(Table 2).

Results
Response variable and environmental predictors
The EMLS lake data cover a wide range of morphological,
physical, chemical, and biological values (Table 1). The
median measured TP was 60 μg L1, and according to Carlson
trophic state index (TSI) 85% of the lakes were classiﬁed as
eutrophic (TSI > 50). EMLS lakes were largely represented by
eutrophic conditions (70%) also when calculating the TSI on
basis of Secchi disk depth (median SD = 1.2 m), while TSI
based on Chl a concentration (median Chl a = 10 μg L1)
leads to 54% of lakes being classiﬁed as eutrophic.

Fig 4. EMLS log-transformed response variable (a) Chl a, and signiﬁcant
predictors: (b) surface temperature, (c) total nitrogen, (d) maximum
buoyancy frequency (stratiﬁcation strength), (e) light climate (Zeu/Zmix),
and (f) surface area, averaged over depth type. Signiﬁcant differences at
the 0.05 level are marked with *.

Signiﬁcant collinearity was observed between maximum
depth and surface area, and between surface temperature and
average temperature (Fig. S1). VIFs of maximum depth and
average temperature were higher than 3, thus they were
removed from subsequent analyses. Secchi depth was also
removed in favor of using the light climate variable, Zeu/Zmix.
All the variables were found to be signiﬁcant, except for TP,
and the interactions TN*SurfT and SurfA*Zeu/Zmix, which
therefore never appeared as Chl a variance predictors.
Lake groups: Climatic zone and depth type
Climatic zone
ANOVA was performed on the three climatic zone groups,
composed by 54 Mediterranean, 128 Continental, and
48 Boreal lakes (Fig. 3; Table S2).
Mean Chl a concentrations were signiﬁcantly higher in the
Boreal lakes (mean ln  1 SD, 3  1 μg L1) compared to
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Continental
(2.2  1
μg L1)
and
Mediterranean
1
(1.7  2 μg L ), while no signiﬁcant difference was found
between Continental and Mediterranean lakes (Fig. 3a;
Table S2).
Depth type
The EMLS dataset is composed of 93 shallow and 137 deep
lakes (> 6 m). Response variable, Chl a, and all of the predictors used in the statistical models of the EMLS signiﬁcantly
differed between deep and shallow lakes (Fig. 4; Table S2). Chl
a, SurfT, TN, and Zeu/Zmix were all higher for shallow lakes,
whereas deep lakes showed a stronger stratiﬁcation strength
(N2) and greater surface area than shallow ones.
Drivers explaining Chl a at the continental scale
The applied models signiﬁcantly explain a proportion of the
variability in Chl a (p ≤ 0.001; Table 2), with the model applied
to Mediterranean lakes explaining the highest variability
(R2 = 45%), closely followed by the model applied to Boreal
lakes (R2 = 43%) with Continental lakes further behind
(R2 = 25%), while the model applied to deep lakes explained

the lowest variability (R2 = 12%), compared to R2 = 31% for
shallow lakes. Based on AIC comparison, the nominal variable
“climatic zone” is more signiﬁcant than “depth type” in
explaining the variance of algal biomass (Table 2). Nevertheless,
the lake group “depth type” explained more of the overall R2
compared to “climatic zone” (37% vs. 26%; Table S3).
When the model included the nominal variable “climatic
zone” among the predictors, it resulted as the strongest predictor for algal biomass with 26% of the model R2 explained,
closely followed by stratiﬁcation strength (24%), and with a
signiﬁcant but smaller contribution of TN (13%; Table S3).
Similarly, when “depth type” was included, it resulted as the
most signiﬁcant predictor (37%); however, it was much more
important than the second most signiﬁcant predictor (stratiﬁcation strength, 18%), that was closely followed by light climate (15%; Table S3).
The 230 lakes dataset allows us to carry out the same analysis separately on each group of lakes corresponding to the
explanatory categories, climatic zone, and depth type, to gain
more insights on the summer drivers of phytoplankton biomass for this set of lakes.

Fig 5. First two signiﬁcant predictors for Chl a in lake group model 3 (shallow) and model 4 (deep). (a, b) Light climate, Zeu/Zmix, and TN explain

respectively 46% and 33% of Chl a variance in EMLS shallow lakes (model R2 = 31%). (c, d) Light climate, Zeu/Zmix, and its interaction with stratiﬁcation
strength, N2*Zeu/Zmix, explain respectively 32% and 29% of Chl a variance in EMLS deep lakes (model R2 = 12%). All variables are plotted as to the statistical models, that is, natural logarithm (ln). See Table S4 for relative contribution and signiﬁcance of all predictors.
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Fig 6. First two signiﬁcant predictors for Chl a in lake group model 5 (Mediterranean), model 6 (Continental), and model 7 (Boreal). (a, b) Stratiﬁcation

strength, N2, and surface temperature, SurfT, explain respectively 46% and 24% of Chl a variance in EMLS Med lakes (model R2 = 45%). (c, d) TN and
N2 explain respectively 35% and 29% of Chl a variance in EMLS Cont lakes (model R2 = 25%). (e, f) Light climate, interaction with stratiﬁcation strength,
N2*Zeu/Zmix, and SurfT explain respectively 34% and 21% of Chl a variance in EMLS Boreal lakes (model R2 = 43%). All variables are plotted as to the statistical models, that is, natural logarithm (ln). See Table S5 for relative contribution and signiﬁcance of all predictors.

Shallow vs. deep lakes
Light climate was the most important variable explaining
Chl a variance in both shallow and deep lake subsets (46%
and 32%, respectively; Fig. 5a,c). Stratiﬁcation strength was
also a signiﬁcant contributor for both lake types, either individually (14%, shallow lakes; Table S4), or in synergistic interaction with light climate (29%, deep lakes; Fig. 5d). However,

for shallow lakes, TN played a more signiﬁcant role than stratiﬁcation (33%; Fig. 5b) while not appearing as a signiﬁcant predictor of algal biomass in the deep lakes subset.
Mediterranean vs. Continental vs. Boreal lakes
When applying the model to the different climatic zones,
the strength of the stratiﬁcation appeared as a strong
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Fig 7. Relationships between N2 and (a) surface temperature, 2nd-order polynomial ﬁt, R2 = 0.14; (b) euphotic depth, 2nd-order polynomial ﬁt,

R2 = 0.06; (c) surface area, 3rd-order polynomial ﬁt, R2 = 0.08; (d) maximum depth, 4th-order polynomial ﬁt, R2 = 0.2. All polynomial ﬁt are signiﬁcantly better than function y = constant at the 0.05 level.

predictor, either individually (Med. 46% and Cont. lakes 29%;
Fig. 6a,d) or in interaction with light climate (Boreal lakes
34%; Fig. 6e). In Mediterranean and Boreal lakes, surface temperature was also a strong predictor of algal biomass (24% and
21%, respectively; Fig. 6b,f) but not for Continental lakes
(Table S5). Instead, nutrients were the most signiﬁcant predictors of Chl a (34%) for Continental (Fig. 6c), while being less
important for Boreal lakes (14%) and not important for Mediterranean lakes (Table S5).

Relationship between stratiﬁcation metrics
Within the EMLS lakes, we analyzed the relationship
between stratiﬁcation strength and some of the drivers, that is,
temperature, light penetration, and lake morphology. As
already shown, Mediterranean lakes, while being on average
the warmest, did not have the highest average stratiﬁcation
strength (Fig. 3d). When looking at the entire dataset (Fig. 7),
the polynomial ﬁt between the maximum N2 and surface temperature was signiﬁcant (p < 0.001) but weak (R2 = 0.14;
Fig. 7a), indicating that only for a relatively small number of
the EMLS lakes, higher surface water temperatures at the sampling time corresponded to a stronger stratiﬁcation. An even
weaker relationship (R2 = 0.06) was observed between stratiﬁcation strength and light penetration depth (Zeu; Fig. 7b). As for
the morphological features, the relationship observed between
maximum N2 and surface area (Fig. 7c), was much weaker

(R2 = 0.08) than between maximum N2 and maximum lake
depth (R2 = 0.2). Here, the 4th-order polynomial ﬁt followed
the effect of temperature on N2 for increasing lake depths,
reaching a plateau for lakes deeper than  20 m (Fig. 7d).

Fig 8. Eight-day average temperature anomaly at the sampling site and
sampling period in relation to the lake stratiﬁcation strength for the EMLS
climatic zone subsets, Continental (gray), Mediterranean (light pink), and
Boreal (blue). All best ﬁts are given by exponential curves, with the one
for Boreal lakes being the most signiﬁcant (R2 = 0.4).
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Air temperature anomaly
The summer of 2015 was the third warmest summer (after
2003 and 2010) since 1880 in Europe (GISTEMP, NOAA
online data). During the sampling period in 2015, 70% of
EMLS lakes experienced a positive temperature anomaly of
1.9 C  3.4 C (average  1 SD, based on each lake 8-d temperature average compared to 10-yr average for the same 8 d).
However, when looking at each climatic zone separately, 96%
of Continental lakes and 87% of the Boreal lakes experienced
a positive temperature anomaly of 3.8 C  2.6 C and
3.7 C  2.9 C, respectively. In contrast, only 53% of the Mediterranean lakes experienced a positive temperature anomaly,
of 1.4 C  1 C. The remaining 30% of the total, 4% of Continental, 13% of Boreal and 47% of Mediterranean are lakes that
showed a negative deviation from the long term average.
Hence, at the time of sampling, the great majority of Continental and Boreal lakes experienced a strong temperature
increase compared to the long-term average levels, which was
not the case for Mediterranean lakes. Compared to the other
regions, Boreal lakes as well showed the strongest exponential
relationship between the experienced temperature anomaly
and stratiﬁcation strength (Fig. 8).
Pigments analysis
Measurement of Zea concentrations in the EMLS lakes were
carried out with the aim of investigating cyanobacterial biomass. A strong linear relationship was found between Zea and
Chl a (R2 = 0.6; Fig. S3) indicating that higher Chl
a concentrations systematically corresponded with higher
concentrations of Zea.

Discussion
Drivers explaining phytoplankton biomass at the
continental scale
Several studies have focused on the effects of nutrients and
warming on phytoplankton in more than one lake (table S1 in
Salmaso and Tolotti 2021). This is of particular concern for
resolving the climate warming effect on lakes and the positive
feedbacks on eutrophication of lakes (Sinha et al. 2017; Deng
et al. 2018). However, thermal stratiﬁcation, which will likely
increase with climate warming (Woolway and Merchant 2019),
is an important feature governing lake ecosystems as it affects
both nutrient availability and light climate (Schwefel
et al. 2016), generating complex feedbacks for the biota
(Mesman et al. 2021). The importance of these factors may
dominate when lakes are not nutrient limited.
We have applied a set of multiple regression models to
230 European lakes (54–85% of which were eutrophic
depending on the criterion applied) to test the dependency of
Chl a on phytoplankton growth resources (nutrients, temperature, and light climate) and morphophysical lake properties
(surface area, stratiﬁcation strength), including interactions
between speciﬁc predictors. Our results indicate that physical

properties of a lake, such as stratiﬁcation strength and light
climate (expressed as the ratio of euphotic to mixing depth),
are the strongest ecosystem drivers for phytoplankton biomass
for this set of mostly nutrient-rich lakes, at the sampling time.
It is possible, however, that a different result would be
obtained from the same dataset in a different time of the year.
In a similar fashion to the present work, an earlier study on
1076 US lakes (Rigosi et al. 2014), showed that surface temperature, nutrients, and their interaction were the main phytoplankton biomass predictors. Interestingly, their results
showed that the largest part of the variance in Chl a for the
subset of eutrophic and hypereutrophic lakes was explained
by a synergistic interaction between nutrients and temperature. Our study moves a step forward and highlights the fact
that additional variables need to be considered when collecting lake “snapshots” at a continental scale. The analysis presented here indicates that nutrients, temperature, and light
should not be the only algal growth conditions to be considered. We show that when lake stratiﬁcation metrics are
included, we can gain insights into the lake physics mechanisms that promote phytoplankton biomass growth and
potentially improve the development of predictive tools.
Moreover, our statistical analysis indicates that surface temperature alone should not be used as a proxy for stratiﬁcation
strength. Indeed for a multilake survey, it is necessary to estimate lake stability (N2) as a variable that comprises the lake
thermal “history,” and therefore gives insight into the environmental conditions that the phytoplankton have experienced
during the recent past. Such information is easily attained with
a temperature proﬁle and is extremely relevant when looking at
ecosystem functioning, as thermal structure and light penetration determine the physical constraints of the photosynthetic
biomass distribution in the water column. These constraints
also determine to what extent speciﬁc phytoplankton features
adapted to life in a stable water column, such as the pigment
composition (e.g., presence of phycoerythrin in deep chlorophyll maxima), and buoyancy regulation (e.g., gas vesicles,
motility, shape adaptations) may favor speciﬁc algal groups.
Shallow vs. deep lakes
In the EMLS, most of the lakes were eutrophic which may
explain the predominant importance of light climate (Zeu/
Zmix) for algal biomass variance in both shallow and deep
lakes. We therefore assume that, for nutrient-rich lakes, phytoplankton rather than inorganic suspended solids determine
underwater light extinction (Scheffer et al. 1997), which subsequently determines phytoplankton biomass.
Although light climate was the most important factor for
both EMLS depth types, we observed a relatively greater
importance of light climate in shallow rather than deep lakes
(explaining 46% and 32% of the variation, respectively),
which may be explained by the fact that shallow lakes exist in
two clearly distinct states, clear vs. turbid. Mechanisms
directly linked to the underwater light climate, for example,
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high cyanobacterial biomass and benthivorous ﬁsh stirring up
the sediment, provide varying degrees of resilience to the turbid state (Scheffer et al. 1997). In contrast, macrophytes stabilize the clear water state, and light penetration that reaches
the sediment is vital for their development (Ibelings
et al. 2007). With 72% of the shallow EMLS lakes having a
Secchi depth of less than 0.8 m, we could argue that the
majority are in a turbid state, be it stable or not. This may go
some way to explain the critical role of light in determining
biomass of algae in EMLS shallow lakes.
TN is the second-most important predictor for Chl a in
shallow lakes (33%) which, together with the general absence
of TP as signiﬁcant predictor for Chl a variance, suggests that
for the 230 EMLS lakes, the commonly found linear relationship between TP and Chl a does not hold true
(Vollenweider 1968). This is in line with previous studies on
nutrient-rich lakes suggesting that (1) a positive linear TP–Chl
a relationship exists only at intermediate concentrations of TP
(0.004–0.23 mg L1; Quinlan et al. 2020) and (2) nitrogen
becomes limiting for phytoplankton under high TP, especially
over shorter temporal scales (Filstrup et al. 2014).
A eutrophic status of a lake, however, does not mean that
nutrients cannot be limiting for dense phytoplankton, with a
large demand to sustain a high biomass. Yet, the condition of
nutrient limitation (in our case nitrogen) could be seen as an
effect driven by Zeu/Zmix (ﬁrst predictor). Especially for shallow lakes, when this ratio becomes smaller, the mixed layer
exceeds the euphotic zone and nutrients from the sediment
are likely to be resuspended. We may easily see a more direct
relationship between Chl a and light climate than with the
nutrient abundance, because light climate, by revealing the
recent mixing history, is a more integrative indicator of nutrient availability than the nutrient content of a single water
sample, especially for productive shallow lakes.
For deep lakes, light climate and its synergistic interaction
with water column stability had a similarly important contribution to the overall R2, explaining Chl a variance (32% and
29% for Zeu/Zmix and N2, respectively). High algal biomass
increases turbidity, which can increase water temperature in
the surface layer through increased heat absorption (Ibelings
et al. 2003), and thus reinforce stratiﬁcation (Paerl and
Huisman 2008). Reinforced stratiﬁcation through increased
turbidity implies that phytoplankton is maintained within the
euphotic zone offering a potential explanation of how light
climate can interact synergistically with water column stability
(Zeu/Zmix > 1; Fig. 1a). However, in a strongly stratiﬁed lake,
nutrients may remain available in the hypolimnion even
when they are depleted in the epilimnion, so that deeper
mixing, also of short duration, enhances the likelihood that
phytoplankton gains access to this pool of nutrients. In deep,
well-stratiﬁed lakes, it is also relatively common to ﬁnd algal
biomass maxima (a.k.a. deep chlorophyll maximum [DCM])
at the crossroads of light from above and nutrients from below
(Leach et al. 2018). On the other hand, if stratiﬁcation is weak

and mixing can reach deeper layers, it will take the algal communities beyond the euphotic zone reducing algal growth
(Zeu/Zmix < 1; Fig. 1b). A deeper mixed layer will allow light to
reach greater depths by diluting epilimnetic phytoplankton
over a larger volume of lake water, thus increasing light penetration. This extended euphotic depth will likely, however,
not make up for light limitation due to a deeper mixing depth,
so the ratio Zeu/Zmix would still decrease when water column
stability decreases (Fig. 1b), exacerbating the light limitation
of phytoplankton growth.
In contrast to the shallow lakes, in EMLS deep lakes neither
TP nor TN appeared as a signiﬁcant predictor of algal biomass,
possibly because of the higher likelihood of light limitation
mentioned above. Interestingly, another difference between
EMLS shallow and deep lakes was that the surface area
explained a signiﬁcant 22% of the overall Chl a variance of
deep lakes, while did not explain the Chl a variance for the
shallow lakes (Table S4). This might be due to the fact that the
surface area becomes important considering its direct relationship with lake wind exposure, which can inﬂuence the water
column mixing depth in deep lakes, hence the availability of
light and nutrients for phytoplankton (Fig. 1). Although wind
exposure was not included in this study, EMLS lake area correlated with depth (Fig. S1a), and was therefore indirectly related
to the water column thermal structure. Indeed, EMLS lakes
with larger surface areas tended to be deeper (Fig. 4f) and more
stable (Fig. 4d), and this may have favored phytoplankton’s
access to light, in particular when nutrients are not—or less
of—a limiting factor, for example, when DCMs are formed
where phytoplankton has access to nutrients in the hypolimnion (Leach et al. 2018).
Mediterranean vs. Continental vs. Boreal lakes
When EMLS lakes were clustered by climatic zone, stratiﬁcation strength appeared as a strong predictor for Chl a, either
individually (Mediterranean 46% and Continental lakes 29%
variation explained) or in synergistic interaction with light climate (Boreal lakes 34%). Stratiﬁcation strength was thus a
dominant factor promoting phytoplankton optimal growth
conditions, interacting with the availability of nutrients and
light, as discussed. Light climate interaction with water column stratiﬁcation was a strong factor for Boreal lakes phytoplankton growth (Fig. 6e) possibly due to their tendency to be
richer in humic substances and consequently darker (Kutser
et al. 2005; Kelly et al. 2018).
Phytoplankton biomass in Continental lakes seemed to
exhibit a higher degree of nitrogen dependency (Fig. 6c); however, we cannot exclude that those lakes in other regions were
in a similar state, since as discussed above, predictors like light
climate can possibly encompass nutrient limitation. On the
other hand, the comparatively lower Chl a content of Mediterranean lakes (Fig. 3a) seems to indicate that, at the time of
sampling, these lakes were experiencing a better nutrient–
phytoplankton balance than Continental lakes.
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The best predictor for algal biomass: Stratiﬁcation strength
or lake depth?
Stratiﬁcation strength decreased in importance when splitting the dataset into depth types, which may indicate that
depth-type itself explained algal biomass variance. This is
also suggested by the fact that all predictors were signiﬁcantly different between deep and shallow lakes (Fig. 4), and
some important environmental factors have a different effect
on these two clusters. Wind has generally a larger effect on
temperature structure and stability of shallow lakes, because
the wind-induced mixing allows heat to be transferred
throughout the entire water column (Nõges et al. 2011). Furthermore, shallow lakes respond more directly to short-term
weather variations (Arvola et al. 2009; Deng et al. 2018). For
deep lakes that have a higher heat retention and potential
energy, greater wind speeds are required to drive mixing during the summer months, resulting in greater stability
(Boehrer and Schultze 2008). Fetch and dominant wind
direction and intensity are also important in determining
stratiﬁcation strength in deep lakes (Wetzel 2001), although
these data were not collected for this study. However, given
the consistently higher N2 observed for EMLS deep lakes
(Fig. 4d), we can assume that sufﬁciently strong and longlasting winds were not present at each sampling site during—
or shortly prior to—the sampling period to modify the aforementioned scenario of deep lakes that are more strongly
stratiﬁed than shallow lakes.
Depth and N2 may therefore be confounding variables
because, at least for this dataset, lake depth can explain most
of the variation in stratiﬁcation trends. Nevertheless, whether
lake maximum depth or stratiﬁcation strength is actually the
most signiﬁcant predictor of Chl a in the overall EMLS dataset,
the message remains unchanged: lake morphophysical properties are essential when investigating phytoplankton biomass
responses to environmental changes.
Relationship between stratiﬁcation metrics
Given the importance of stratiﬁcation strength as a predictor of Chl a variance at the European continental scale, we
analyzed the relationship between this variable, represented
by maximum N2, and the environmental and morphological
characteristics that act on the density gradient of a lake (surface temperature, light penetration depth, maximum depth,
and surface area).
Surface temperature
Stratiﬁcation strength responds directly to changes in water
temperature, yet each lake will need a certain number of warm
days with relatively low wind speed to develop stratiﬁcation,
which also depends on lake morphological factors. The reason
for the weak correlation observed between maximum N2 and
surface temperature (Fig. 7a) may be that deep and shallow
lakes are equally represented, and while deep lakes are more
strongly stratiﬁed, the shallow lakes had the highest surface

temperature (Fig. 4b,d). The absence of a strong correlation
between stratiﬁcation strength and surface temperature is further conﬁrmed by the absence of any trend between stratiﬁcation strength and climatic zone (Fig. 4d).
Moreover, the fact that shallow and Mediterranean lakes
had the highest surface temperature, but the weakest stratiﬁcation conﬁrms that surface temperature can be a misleading
indicator for stratiﬁcation strength, especially for snapshot
surveys as shown in previous studies on large datasets (Read
et al. 2014; Winslow et al. 2017).
Light penetration depth
Changes in light absorption by the dissolved and
suspended content of a lake affect the vertical distribution of
heat and resulting stratiﬁcation (Andrew et al. 2008; Rinke
et al. 2010). We did not observe, however, a distinct relationship between stratiﬁcation strength and light penetration (Fig. 7b). The reason why this relationship is not
stronger may be that the effect of light on stratiﬁcation is
more evident in time series than in spatial gradients. This is
because light-induced heat diffusion in the water column
and its temporal variability has a stronger effect on the duration of the stratiﬁcation than on its absolute value. Indeed,
more transparent lakes (Secchi transparency > 5 m) tend to
maintain a seasonal thermal stratiﬁcation for a longer duration than more turbid ones (Richardson et al. 2017), therefore remaining stable longer. Assessing whether this is the
case is not possible with a summer snapshot sampling
design, although it was observed that light penetration can
drive the depth of the mixed layer. This is suggested for the
EMLS dataset by a moderate linear relationship (R2 = 0.35)
between the depth of the epilimnion, or mixed layer, and
the euphotic depth (Fig. S2).
Maximum depth and surface area
We observed a relationship between N2 and both the lake
maximum depth and lake surface area (Fig. 7c,d). The shape of
the polynomial ﬁt shows that the linearity of stratiﬁcation
strength with lake maximum depth holds until lake depths
of  20 m, because of the physical limit dictated by the thermal diffusivity of water. This relationship may conﬁrm that
N2 and depth are interdependent in determining resource
availability for the algal communities.
EMLS lakes with a greater area were on average deeper and
had a more stable water column (Fig. 4d,f). Therefore, surface
area of the EMLS dataset was directly correlated with maximum depth and was used as the only morphological variable
in the statistical models. However, the relationship between
surface area and N2 was not strong (Fig. 7c), possibly because a
larger surface area does not necessarily mean a greater wind
exposure, which is largely determined by the lake’s orientation toward the dominant wind direction and lake topography. Clearly, as for the underwater light regime, analyzing the
effect of wind exposure on the thermal structure is not
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possible with a single observation, but would require a water
column temperature time series.
Temperature anomaly: 2015, an unusually hot summer
As expected, Mediterranean lakes had higher surface temperatures than Boreal ones (Fig. 3a,b). However, Boreal lakes
exhibited a signiﬁcantly higher Chl a concentration than
Mediterranean lakes, while lakes in both climatic zones had
comparable nutrient concentrations (Table S2). This seems to
conﬁrm the importance of factors other than temperature
(lower in Boreal lakes) or nutrients (similar) driving phytoplankton biomass, especially water column stability in relation
to the light climate. Indeed, while Boreal lakes are known to
stratify intermittently during summer (Kirillin and Shatwell 2016; Woolway and Merchant 2019), the heat wave likely
intensiﬁed the stratiﬁcation strength in the Boreal lakes more
strongly than in other regions, given that the region experienced the largest temperature anomaly (Fig. 8). This may have
favored the conditions shown in Fig. 1a and supported by our
model results, that is, the interaction between light climate
and stratiﬁcation strength is the main Chl a driver for Boreal
lakes (Fig. 6e).
As several studies addressed the relationship between light,
nutrients, and temperature effects on primary producers in
Boreal regions (Zwart et al. 2016; Bergstrom and Karlsson 2019),
alternative explanations may apply too. Although it is not possible to generalize, such observations are crucial to generate
ideas and stimulate future research. It is possible that a higher
abundance of mixotrophs in Boreal lakes may help to explain
the higher Chl a in that region, since Hansson et al. (2019)
demonstrated that the success of mixotrophs is correlated with
the elevated colored dissolved organic matter content of Boreal
lakes. It is also interesting to note that Mantzouki et al. (2018)
found that for the same EMLS dataset, the variety of toxins produced by cyanobacteria increased with latitude, which possibly
may have reduced the grazing pressure in Boreal lakes, contributing to higher Chl a.
Cyanobacteria like it warmer?
Zea is frequently used as a pigment to indicate cyanobacterial
biomass (Bianchi et al. 2000; Glibert et al. 2004; Przytulska
et al. 2017; Ewing et al. 2020), although it is found both in cyanobacteria and in chlorophytes (Deshpande et al. 2014; Ibelings
et al. 2016). In this study, we do not provide microscopy results
to conﬁrm the correspondence between cyanobacteria and Zea;
therefore, the following discussion is presented with a degree of
caution, and mainly serves to stimulate further ideas, eventually
contributing to a deeper understanding of the worldwide
increase in cyanobacterial blooms.
The strong correlation between Zea and Chl a EMLS
(Fig. S3) indicated that higher Chl a concentrations systematically corresponded with higher concentrations of Zea, which
may suggest that water column stratiﬁcation and light climate
are the main drivers for cyanobacterial growth in eutrophic

lakes, as they are for overall phytoplankton. Moreover, cyanobacteria have evolved speciﬁc traits like buoyancy and accessory pigments that renders them speciﬁcally well adapted to
stably stratiﬁed conditions (Huisman et al. 2018). Consequently, the fact that light climate was the main driver for
both lake depth types (Fig. 4) may conﬁrm that at high nutrient levels, light becomes limiting for cyanobacterial development (Ganf and Oliver 1982; Bouterfas et al. 2002; Huisman
et al. 2004).
Considering the high temperature anomaly experienced in
Boreal regions at the sampling time, the signiﬁcance of a positive interaction between water column stability and light climate in promoting cyanobacteria in the Boreal lakes during a
record hot summer supports the general observation that
“blooms like it hot” (Paerl and Huisman 2008). In the context
of climate change—and rapid warming at high latitudes—
perhaps a more appropriate rephrasing is “blooms like it
warmer than usual,” since the Boreal lakes were still cooler
than the Mediterranean lakes, yet the temperature anomaly
was higher as were Zea levels. Among the EMLS subset of lakes
with detectable Zea (which are 172 over the total 230 of this
study), almost all (95%) of the Boreal lakes experienced a
higher positive T-anomaly ( 4 C  2.5 C). Evidently, more
detailed integrated lab-ﬁeld studies, including both ecological
and evolutionary aspects, are needed to resolve this issue.
Future scenario and management strategies
Among the Chl a predictors of this study, lake surface temperature and water column stratiﬁcation are expected to have
the strongest impact on lake ecosystems in a warming future
(O’Reilly et al. 2015; Kraemer et al. 2017). Both variables were
signiﬁcant drivers for trends in phytoplankton biomass across
climatic gradients in Europe. Thus, since lake water column
stability will likely increase with a warming climate (Oleksy
and Richardson 2021), bloom-forming cyanobacteria in particular will be further promoted given their typical dependence
on buoyancy that makes them particularly well adapted to a
stable water column (Steinberg and Hartmann 1988; Paerl and
Paul 2012).
Although we concur with Ibelings et al. (2016) that any
sustainable approach controlling cyanobacterial blooms has to
be rooted in nutrient reduction, our present analysis underlines the potential effectiveness of additional measures that
weaken the future strengthening of lake stratiﬁcation, which
is demonstrated here to play such a critical role in determining differences in lake phytoplankton and cyanobacterial biomass. It may be essential, for instance, to include measures
like artiﬁcial lake mixing (Visser et al., 2016) to mitigate algal
(and cyanobacterial) blooms.

Conclusions
Nutrients and light are the fundamental resources for phytoplanktonic biomass, even in nutrient rich lakes, such as the

4329

Donis et al.

European lake survey: summer Chl-a drivers

ones represented in this study; however, results from the
EMLS analysis show that Chl a variance is better predicted by
light climate and stability metrics. These predictors are also
strong indicators of the epilimnetic nutrient load and of the
light experienced by the algal biomass prior to sampling. This
explains why in this nutrient-rich lake dataset, light climate
was the most important variable explaining Chl a variance in
both shallow and deep lakes, with the difference that, only for
deep lakes the optimum condition for photosynthetic biomass
was obtained when stratiﬁcation operated in a synergistic
interaction with light climate. The dominance of light climate
and the absence of TP as signiﬁcant predictor for Chl
a variance conﬁrms that: (1) when TP levels are high as in the
average EMLS, light and nitrogen become limiting resources
for phytoplankton and (2) light climate, as metric for the
recent history of water column mixing, is a powerful indicator
for nutrient availability, and needs to be included in similar
studies.
Furthermore, our analysis of this pan-European dataset
shows that shallow and Mediterranean lakes exhibit the
highest surface temperature, although the weakest stratiﬁcation, conﬁrming that lake surface temperature does not necessarily correlate with lake stratiﬁcation strength. Consequently,
especially for snapshot surveys, a lake temperature proﬁle
should be preferred over surface temperature data as it is a
more sensible indicator for stratiﬁcation strength and ecological response to warming.
Finally, among the 230 European lakes, we observed a significant exponential correlation between temperature anomaly
and the stratiﬁcation strength only for Boreal lakes that, incidentally, had the highest Chl a concentrations; a notion deserving further attention in light of most rapid increases in
warming taking place at high latitude regions. This, coupled
with the fact that, for mildly to hyper-eutrophic lakes, light climate and water column stratiﬁcation are the most important
drivers determining phytoplankton biomass, may serve to better plan and implement lake management and mitigation
strategies.
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