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Direct input of monitoring data
Into a mechanistic ecological
model as a way to identify

the phytoplankton growth-rate
response to temperature variations
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Nataly P. Radchikova®3 & Alexey V. Rusakov?

We present an approach (knowledge-and-data-driven, KDD, modeling) that allows us to get closer to
understanding the processes that affect the dynamics of plankton communities. This approach, based
on the use of time series obtained as a result of ecosystem monitoring, combines the key features of
both the knowledge-driven modeling (mechanistic models) and data-driven (DD) modeling. Using a
KDD model, we reveal the phytoplankton growth-rate fluctuations in the ecosystem of the Naroch
Lakes and determine the degree of phase synchronization between fluctuations in the phytoplankton
growth rate and temperature variations. More specifically, we estimate a numerical value of the phase
locking index (PL/), which allows us to assess how temperature fluctuations affect the dynamics of
phytoplankton growth rates. Since, within the framework of KDD modeling, we directly include the
time series obtained as a result of field measurements in the model equations, the dynamics of the
phytoplankton growth rate obtained from the KDD model reflect the behavior of the lake ecosystem
as a whole, and PL/ can be considered as a holistic parameter.

Phytoplankton as a primary producer plays an important role in the functioning of aquatic ecosystems'?. The
functioning of plankton communities depends on a plethora of biotic and abiotic factors. Among these factors,
temperature plays a vital role. Since temperature affects the rates of many reactions including photosynthesis
and respiration®*, the phytoplankton biomass and growth can immediately respond to changes in temperature
conditions’. Along with the direct influence of temperature on the growth rate of phytoplankton, temperature
variations can also have an indirect effect on the dynamics of phytoplankton: for example, through the activ-
ity of zooplankton as the consumer of phytoplankton®” and through phase synchronization of oscillations of
phytoplankton and bacterioplankton®.

In order to take into account the influence of various factors on plankton dynamics, mechanistic models
describing the interaction of aquatic populations and the influence of abiotic processes (including temperature
variations) on fluctuations in plankton abundance are often used"’. Within the framework of this approach (the
knowledge-driven, KD, modeling), the functions describing trophic interactions between populations, the mobil-
ity of organisms and, if necessary, the influence of abiotic factors on populations are assumed to be known'.
The complex structure of inter-population interactions'>!? and the nonlinear nature of population and abiotic
processes™!? force researchers to reduce the mathematical description of ecological systems in order to make
this description more readily understandable’*.

In order to overcome the “curse of reductionism”* and to be able to predict population dynamics, an attractor
reconstruction method (empirical dynamic modeling) using time series obtained from field observations was
proposed!®!”. Another approach, virtual population analysis (VPA, including multi-species), aimed at overcom-
ing reductionism, is widely used in fisheries science and is the most common method of determining the size
of stocks in the past using mortality indicators'®. In addition, an approach to mathematical modeling of natural
systems has been developed (the data-driven, DD, modeling), in which a statistical inference (from e.g. artificial
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neural networks'® or genetic programming®) has been used to obtain previously unknown dependencies between
system’s inputs and outputs from the available data (time series) to forecast future system’s outputs. At the same
time, the real processes that determine the observed dynamics of natural systems in this case are usually not taken
into account, and a formal mathematical description of the behavior of natural systems in the framework of the
DD approach often does not make physical sense. The DD modeling is used only for the purpose of capturing
the relationships between the pertinent input and output variables?!.

Here, in order to assess to what extent temperature fluctuations are related to the growth rate of phytoplank-
ton, we propose to expand the concept of DD modeling. Namely, we propose, as with DD modeling, to use the
data obtained during the research of real systems. However, in order to study ecosystem processes, we intend,
unlike what is proposed in the framework of DD modeling, to use the time series obtained during ecosystem
monitoring in combination with mechanistic KD models. We have designated this approach to modeling eco-
system processes as the knowledge-and-data-driven, KDD, modeling. With the help of the KDD modeling, it
becomes possible to study those dynamic regimes that directly reflect the features of a particular ecosystem, but
which were not identified during monitoring of this ecosystem. In this article, we focus on the analysis of fluctua-
tions in the growth rate of phytoplankton and the conjugacy of these fluctuations with temperature fluctuations
using the example of the ecosystem of the Naroch Lakes (Belarus).

Knowledge-and-data-driven (KDD) modeling as a method for revealing

the dynamics of phytoplankton growth rate in a lake ecosystem

As is often assumed within the KD paradigm, population size changes occur, firstly, due to intra-population pro-
cesses that depend on the population size and are also influenced by external factors (for example, temperature)
and, secondly, due to inter-population interactions. Then a prey-predator model system can be given as follows:
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Here P(t) and Z(t) are the abundance of prey and the abundance of predator, respectively; ¢ is time. G(¢) is
the intrinsic prey growth rate, which can be influenced by external factors and can take positive, negative, or
zero values; f(#) is the function that describes the intensity of predation and, in general, it may also depend on
environmental factors; « and 8 are constants, « is the intensity of the decline in the predator abundance unre-
lated to trophic interactions between prey and predator, and f is the efficiency of turning prey into the predator
abundance. Within the framework of the KD approach, the functions G(t) and f(t) are set analytically, i.e., in
the form of mathematical formulas, and the solution of Eqgs. (1) and (2), i.e., the functions P(t) and Z(t), turn
out to be significantly dependent on the choice of the functions G(t) and f(¢)*>%, as well as on the parameters
of the model under study'*.

In the context of the KDD modeling, it is the functions P(f) and Z(¢) that are set initially. In our case, the
functions P(t) (Fig. 1) and Z(t) (Fig. 2) are time series. These time series are the result of analyzing data from
long-term monitoring of the Naroch Lakes ecosystem, which is situated in the Northwestern Belarus. It includes
three lakes, Lake Batorino, Lake Myastro, and Lake Naroch, that are interconnected by channels. The main char-
acteristics of the Naroch Lakes are given in** (see also Supplementary Information 1). The plankton sampling,
sample analysis, and the results of field measurements on the basis of which these time series are constructed
are described in Supplementary Information. Now that the functions P(¢) and Z(¢) are given, it becomes possible
to obtain fluctuations in the growth rate G(t) and in the trophic function f{(t) (in the form of time series) from
(1) and (2). Note that these fluctuations were not measured in the course of monitoring. In this paper, we focus
on analyzing the dynamics of the growth rate of phytoplankton G(¢) in each of the reservoirs of the the Naroch
Lakes ecosystem.

Relationship between phytoplankton growth rate and temperature
Taking into account Egs. (1) and (2), and due to the discreteness of measurements, the result of which is the time
series shown in Figs. 1 and 2, the growth rate of phytoplankton can be given as

AP
Gin) = BAP(n) + AZ(n) + aZ(n) 3)
BP(n)
where 7 is the time step number, AP(n) = P(n+ 1) — P(n) and AZ(n) = Z(n + 1) — Z(n); P(n) and Z(n) are
the phytoplankton and zooplankton abundances, respectively.

It can be seen from (3) that the growth function G(n) depends not only on P(n), but also on P(n+1). This
is due to the fact that G(n) determines the change in phytoplankton biomass from the time step 7 to the time
step n+ 1. Since phytoplankton consumption by zooplankton can cause changes in zooplankton biomass, G(n)
depends on AZ(#n). In addition, in accordance with (3), when calculating G(n), we take into account the part of
the phytoplankton biomass that was consumed by zooplankton using the term aZ(n) (Eq. 3).

The G(n) oscillations given by Eq. (3) are shown in Fig. 3. As evident from (3), the growth rate G(n) depends
on two parameters, & and f3. According to Lindeman’s 10% law®, the numerical value of 8 should not differ much
from 0.1. The numerical values of a presented in this paper are within the limits that correspond to the results
of monitoring of the Naroch Lakes®; a € [0, 20] (Fig. 6).
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Figure 1. Time series plot of phytoplankton abundances in the Naroch Lakes (the time step corresponds to
1 month).
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Figure 2. Time series plot of zooplankton abundances in the Naroch Lakes (the time step corresponds to
1 month).

When looking at Fig. 3, the irregular nature of the G(n) oscillations immediately catches the eye. This irregu-
larity is in good agreement with the chaotic nature of oscillations in the abundance of phytoplankton in the
Naroch Lakes?. From Fig. 3 it is also seen that an increase in the numerical value of the parameter « is accom-
panied by an increase in the amplitude of the oscillations of the growth function G(n). In addition, as can be
seen from Fig. 3, even with relatively small numerical values of the parameter « in the vast majority of cases, i.e.,
for most values of n, G(n) > 0. This property of the G(n) function reflects the fact that the oscillatory nature of
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Figure 3. Fluctuations in the phytoplankton growth rate, G(n), for the Naroch Lakes (time step is 1 month);
a(month™)=0.5, 1, 2, 4, 8 (for graphs from bottom to top); $=0.1. The years during which monitoring was
carried out are marked under the abscissa axes. During the calculation of the phytoplankton growth rate G(n),
we excluded the cold period of the year for which data were not available. Thus, the calculations excluded the
time step between the end of one season and the beginning of the next.

phytoplankton dynamics persists, despite the occasional drop in the growth rate of phytoplankton to negative
values.

Phytoplankton oscillations (Fig. 1) occur under changing temperature conditions. Figure 4 shows temperature
variations in the Naroch Lakes. One can see the almost periodic character of these oscillations, which is the result
of seasonality characteristic of the phytoplankton habitats.

In order to numerically characterize the degree of connection between fluctuations in the growth rate of phy-
toplankton and temperature variations, we use the phase-locking index, PLI?® (also see "Methods"). Statistically
significant values of PLI allow us to estimate the degree of phase synchronization between the studied oscilla-
tory processes, for example, between the G(n) time series (Fig. 3) and the time series representing temperature
fluctuations (Fig. 4). The minimum value of PLI equal to zero corresponds to the absence of synchronization,
and the maximum value of PLI equal to 1 means complete phase synchronization of the processes under study.
If the value of PLI is less than one (but not equal to zero), this indicates incomplete, i.e., slightly out of phase,
synchronization of oscillatory processes. The examples of the results of the analysis of phase relations between
the G(n) time series at fixed numerical values of the parameters « and  and the temperature oscillations are
shown in Fig. 5, where the PLI values characterizing the phase synchronization of the G(n) time series and the
temperature time series are compared with the distributions of PLI values for surrogate data. Surrogate data are
used to assess the statistical significance of the value of the phase locking index (see "Methods"). The PLI value
distributions for the surrogate data shown in Fig. 5 are obtained by multiple random shuffling of the initial time
series. Such shuffling does not exclude some random phase synchronization. As a result, the PLI values cor-
responding to the surrogate data can be different from zero. However, the statistically significant value of PLI,
which characterizes, albeit incomplete, but real, and not random, phase synchronization, differs considerably
significantly from those PLI values that are characteristic of surrogate data. It is usually assumed that significance
value of p is no less than 95% for phase-synchronized processes. Note that although the values of PLI in Fig. 5 lie
within the surrogate data distributions, nevertheless, the values of the corresponding significance values (p > 95%)
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Figure 4. Variations in water temperature (t, °C) obtained during monitoring of the Naroch Lakes (the time
step is 1 month). The water temperature measurement were carried out simultaneously with the plankton
sampling (see Supporting Materials).

indicate phase synchronization of the G(n) and temperature time series. This means that the G(n) oscillations
are phase locked by the water temperature variations.

We also calculated non-parametric correlation coefficients between fluctuations in the growth rate of phy-
toplankton and temperature variations in all the three reservoirs of the ecosystem of the Naroch Lakes. No
statistically significant correlations were found between these processes.

We performed a sensitivity analysis to study the influence of specific values of the parameters a and f3 on the
phase synchronization of the G(n) oscillations and temperature variations (Fig. 6). Lake Batorino, the smallest
of the lakes of the Naroch system, is characterized by the largest region in the parameter space (a, 8), in which
there is phase synchronization of temperature variations and fluctuations in the growth rate of phytoplankton
G(n). Note that the time-averaged phytoplankton biomass in Lake Batorino is 9.51 mg/l, and this is the largest
phytoplankton biomass among the water bodies of the ecosystem of the Naroch Lakes %°.

As can be seen from Fig. 6, Lake Naroch, the largest of the reservoirs of the system of the Naroch Lakes, is
characterized by the smallest region in the parameter space (o, ), where phase synchronization of tempera-
ture fluctuations and fluctuations in the growth rate of phytoplankton G(n) takes place. By comparison, the
time-averaged phytoplankton biomass in Lake Naroch is only 1.09 mg/1%. Lake Myastro is characterized by
intermediate values of both the phytoplankton biomass (2.72 mg/1*°) and the size of the region in the parameter
space (a, B), where phase synchronization of temperature fluctuations and fluctuations in the growth rate of
phytoplankton G(n) occurs (Fig. 6). We assume that small values of phytoplankton biomass can significantly
hinder the synchronization of G(n) and temperature fluctuations. Note that the increase in the parameter a,
which causes an increase in the amplitude of the oscillations of the function G (as in Fig. 3) and also may lead
to a decrease in the abundance of zooplankton (Eq. 2), can cause a violation of phase synchronization (Fig. 6).
The reason for the decrease in the abundance of zooplankton can be both natural mortality and death as a result
of trophic interactions. In addition, an increase in the numerical value of the parameter a, which can disrupt
the phase synchronization of phytoplankton dynamics and temperature fluctuations (Fig. 6), may also be due
to the influence of abiotic factors.

Discussion

We introduce a new methodology, knowledge-and-data-driven (KDD) modeling. In the context of this meth-
odology, the time series obtained during experiments or observations is directly introduced into mechanistic
ecological models. As a result, it becomes possible to identify the functional dependencies that determine the
character of the observed fluctuations in population abundance. This is the difference between KDD modeling
and the KD models, where these functional dependencies were assumed (often without sufficient grounds) to
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Figure 5. Examples of phase synchronization of phytoplankton growth rate fluctuations and temperature
variations in the Naroch Lakes. Values of PLI (shown by *) and the distributions of PLI values for the surrogate
data resulting from 1000 random shuffles of the initial G(n) (Fig. 3) and temperature (Fig. 4) time series for
each of the Naroch Lakes: (a) Lake Naroch (PLI=0.38; a=1; $=0.1; the significance value p=96.6%); (b) Lake
Myastro (PLI=0.41; a=38; $=0.1; the significance value p=98.4%); (c) Lake Batorino (PLI=0.38; a=3; $=0.1;
the significance value p=97.2%).

be known a priori. KDD modeling as a methodology also differs significantly from DD modeling, the results of
which are often difficult to interpret.

We used the time series (Figs. 1, 2) from long-term monitoring of the Naroch Lakes? and identified the
response of phytoplankton growth rate G(n) (Fig. 3) to temperature variations (Fig. 4). Namely, we established
that fluctuations in the growth rate of phytoplankton can synchronize in phase with temperature variations. It
should be noted that phase synchronization of oscillatory processes is a nonlinear phenomenon that is wide-
spread at various levels of biological organization, ranging from cells to populations and communities***'. In
this regard, it may be of interest that synchronized cell cycles of unicellular phytoplankton can cause oscillations
at the population level*>. Many studies have been devoted to phase synchronization in ecological systems®*34.
Although synchronized oscillatory processes are widely represented in ecological systems®, their causes and
their biological significance in many cases still remain an enigma. Nevertheless, there are examples where the
functional role of phase synchronization has been convincingly demonstrated. In particular, it has been shown
that phase synchronization can increase the probability of reproductive success, as well as contribute to protec-
tion from predation®****. Biological and ecological oscillatory processes can be controlled by both endogenous
and exogenous factors. For example, exogenous environmental factors such as exposure to light and temperature
can significantly affect circadian rhythms®>*. The growth rate of phytoplankton can also significantly depend on
temperature. In particular, it has been shown that the phytoplankton growth rate monotonically increases with
an increase of temperature from 6 °C to 33 °C*. However, the relationship between temperature variations and
fluctuations in the growth rate of phytoplankton still remains poorly understood due to the fact that temperature
variations affect a whole range of physiological processes that underlie the growth of phytoplankton®. In the
context of our study, we assume that the phase locking of fluctuations in the growth rate of phytoplankton to
temperature changes may allow phytoplankters to adjust their physiological status in response to such changes.
Phase synchronization of fluctuations in the growth rate of phytoplankton and temperature variations depends
on the parameters o and f. It is worth noting that the lack of the phase synchronization of temperature variations
and fluctuations in the growth rate of phytoplankton (white regions in Fig. 6) does not necessarily imply that
there is no impact of temperature on phytoplankton growth. In such cases the impact of other factors, such as
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Figure 6. Values of the parameters o and 3 (#), in which the phase synchronization of temperature variations
and fluctuations in the growth rate of phytoplankton G(rn) occurs, for: (a) Lake Naroch; (b) Lake Myastro; (c)
Lake Batorino.

nutrient fluctuations and/or variations of light level, may have a stronger effect on the phytoplankton dynamics
than the temperature variations.

It follows from Eq. (3) that the fluctuations of phytoplankton P(n) and zooplankton Z(n) directly affect the
dynamics of the growth rate of phytoplankton. In this regard, the question arises whether temperature variations
affect both the fluctuations of phytoplankton and the growth rate of phytoplankton. In other words, does the
phase synchronization of G(n) and temperature fluctuations lead to the occurrence of phase synchronization
of temperature and P(n) fluctuations? It turns out that, unlike the dynamics of the phytoplankton growth rate,
fluctuations in the phytoplankton abundance in the Naroch Lakes are not phase-synchronized with temperature
fluctuations (cf. Figures 5 and 7). The lack of synchronization between phytoplankton fluctuations and tempera-
ture fluctuations does not necessarily mean that there is no influence of temperature on the dynamics of phyto-
plankton. This may simply mean that phytoplankton dynamics are influenced by a whole number of environ-
mental factors, including, in addition to temperature, nutrient requirements, as well as trophic interactions*'~*.

Note that the effects of environmental factors and a variety of trophic interactions, with the exception of
interactions between phytoplankton and zooplankton, are not directly included in the model (1)-(2). Such effects
are taken into account by the model (1)-(2) indirectly, since all trophic interactions in the lake ecosystem, as well
as the influence of environmental factors, are reflected in the characteristics of the time series P(n) and Z(n).
As a result, the dynamics of the growth rate of phytoplankton G(#), given by Eq. (3), also reflects the influence
of all the above factors. Taking into account this circumstance, the degree of phase synchronization between
temperature variations and the time series G(1) and P(n) (or the absence of such synchronization) given by the
numerical value of PLI, can be considered as a holistic characteristic of the ecological processes under study. It is
worth noting that the numerical evaluation of PLI as a holistic parameter, which gives an idea of synchronization
of chlorophyll and total phosphorus oscillations, has recently allowed us to characterize the transformation of
the ecosystem of the Naroch Lakes as a whole, which occurred in the late 1980s, without resorting to the study
of complex interactions of various factors involved in this transformation®.

The knowledge-and-data-driven, KDD, modeling that involves direct input of monitoring data into a mecha-
nistic ecological model offers a way to identify some characteristic features of the dynamics of natural, rather
than model ecological processes, including those processes (for example, fluctuations in the growth rate of
phytoplankton) that were not observed during monitoring of the ecosystem under study. The KDD approach
can be a useful addition to those methods of mathematical modeling that have been so far used®'? in studying
the mechanisms underlying the functioning of natural ecosystems.
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Figure 7. Values of PLI (shown by *) and the distributions of PLI values for the surrogate data resulting from
1000 random shuffles of the original phytoplankton (Fig. 1) and temperature (Fig. 4) time series for each of the
Naroch Lakes: (a) Lake Naroch (PLI=0.14; the significance value p=42.8%); (b) Lake Myastro (PLI=0.28; the
significance value p=89.7%); (c) Lake Batorino (PLI=0.16; the significance value p =49.4%).

The results presented here, which relate to fluctuations in the phytoplankton growth rate G(n), give an idea
of the dynamics of phytoplankton as a whole, without taking into account the species composition of phyto-
plankton. A possible future development regarding the study of the contribution of the dynamics of individual
phytoplankton species to G(n) fluctuations may be of significant interest.

It should be noted that the model (1)-(2) does not contain spatial variables. When evaluating PLI, we also
do not take into account spatial effects. This means that we consider the water bodies of the ecosystem of the
Naroch Lakes as polymictic and homothermic reservoirs. They really are, being highly susceptible to wind
mixing®?. However, in other reservoirs, consideration of spatial effects in the framework of the KDD modeling
may be necessary.

When estimating the numerical values of PLI, we average the impact of the phase difference between the
time series over time and thus consider the time series as integral objects, actually excluding time (the number
of time steps) from consideration. However, taking into account the incompleteness of our knowledge about the
behavior of complexly organized aquatic ecosystems, we can expect that the subsequent accumulation of data
and, consequently, the lengthening of time series (an increase in #) may lead to clarification or even a change in
our ideas about the functioning of aquatic communities.

Methods

Missing-data imputation. The time series studied contained an insignificant amount of missing data (see
Supporting Materials). The missing values were imputed by seasonally splitted missing value imputation (with
interpolation) using the impute TS package***. The imputation algorithm splits the time series into seasons and
afterwards performs imputation separately for each of the resulting time series datasets (each containing the
data for one specific season). The time series obtained as a result of the imputation are shown in Figs. 1 and 3.

The analysis of phase relations between time series. For P(n), Z(n), G(n) and temperature oscilla-
tions (Figs. 1, 2, 3 and 4) the phase of oscillations can be defined® as the function
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Here t; and f;,, are the points in time at which the oscillations under study reaches their maximums.
To assess the degree of synchronization of two oscillatory processes, a measure of synchronization, the phase-
locking index (PLI) was suggested?®*S. It is defined as
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where N is the number of measurements, and Ay is the phase difference between oscillatory processes. PLI is
restricted to the interval [0, 1] and reaches 1 if and only if the time series are strictly synchronized, whereas for
unsynchronized time series (i.e., for a uniform distribution of Ag) PLI=0. In real data, neither of these extreme
values can be observed, but values between 0 and 1 are typical. Statistical significance testing must be done to
establish whether a PLI value resulting from the analysis of phase relation between time series indicates a real
dynamical coupling between the processes under study. Testing with surrogate data*” allows estimating how
much synchronized the processes are.

Data availability
All data generated or analyzed during this study are included in this published article (and in the supplementary
information file). No experiments on plants or animals were carried out.
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