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Ecography Ecological memory describes how antecedent conditions drive the dynamics of an
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with different life and niche traits as a response to an environmental driver. The data
is processed to mimic a realistic sediment deposition and sampled at increasing depth
intervals. We quantify ecological memory with Random Forests, and assess how data
properties and taxa traits shape ecological memory.

We find that life-span and niche features modulate the relative importance of the
antecedent values of the driver and the pollen abundance over periods of 240 yr and
longer. Additionally, we find that accumulation rate and decreasing pollen-sampling
resolution inflate the importance of antecedent pollen abundance.

Our results suggest that: 1) ecological memory patterns are sensitive to varying
accumulation rates. A better understanding on the numerical basis of this effect may
enable the assimilation of ecological memory concepts and methods in palacoecology;
2) incorporating niche theory and models is essential to better understand the nature
of ecological memory patterns at millennial time-scales. 3) Long-lived generalist taxa
are highly decoupled from the environmental signal. This finding has implications on
how we interpret the abundance-environment relationship of real taxa with similar
traits, and how we use such knowledge to forecast their distribution or reconstruct
past climate.
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Introduction

Padisak (1992) defined ecological memory as ‘the capacity
of past states or experiences to influence present or future
responses of the community’. The ambiguity of this definition
has led to different interpretations of what ecological mem-
ory actually is and how it can be measured. Schweiger et al.
(2019), following the biological legacy concept proposed by
Nystrom and Folke (2001), define ecological memory at the
ecosystem level as the ‘accumulated abiotic and biotic mate-
rial and information legacies from past dynamics’. Ogle et al.
(2015) adopt a quantitative perspective instead, defining
ecological memory as ‘the effect of antecedent conditions
on current processes, and propose a quantitative framework
to detect the patterns resulting from ecological memory
processes.

The framework presented by Ogle et al. (2015) identi-
fies two main components of ecological memory: endog-
enous memory, which is the influence of antecedent values
of a biotic variable of interest on itself, and exogenous
memory, which represents the effect of antecedent values
of an external driver or drivers on the biotic response.
Additionally, the synchronous effect of the driver or driv-
ers on the response (the concurrent effect, Fig. 1) can also
be quantified, in order to compare the relative strength of
antecedent versus concurrent conditions in driving eco-
logical responses. Two key features of ecological memory
components are further defined by Ogle et al. (2015),
namely memory length and memory strength, respectively
representing the time period over which antecedent condi-
tions have a significant influence on the response and the
amount of influence they exert.

Ecological memoryanalyses reveal thatdifferent processes
generate memory-driven responses at different biological,
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Figure 1. Components of ecological memory. The biotic variable of
interest (response) is represented in blue, and the environmental
driver in green. Arrows represent the influence of antecedent values
of the driver and the response (for a time interval defined by Lag),
and concurrent values of the driver over the response at a time of
interest T.

spatial and temporal scales. For example, Ogle et al. (2015)
found that stomatal conductance in leaves of a desert shrub
respond to water content at different depths (30 and 60 cm)
with different memory lengths (1 and 7 d). Anderegg et al.
(2015) and Schwalm et al. (2017) analysed post-drought
responses of tree-growth to find persistent effects after four
years. Perring et al. (2018) show how forest management
in 1800 still influences plant community composition and
functioning today. These studies exemplify very well how
analysing time-delayed effects of endogenous and exog-
enous components of an ecological system provides a way
of deepening our understanding of its long-term dynamics.

Ecological memory in a palaeoecological context

Palaeoecological records capture the patterns of continuous
ecological processes happening over hundreds to millions
of years as discrete samples that are linked together in the
time continuum (Rull 2014). If the relativistic principle
of causality ‘cause must precede its effect’ is applied,
time emerges as the primary axis over which cause-and-
effect loops develop. Therefore, palacoecological time
series should be able to provide the means to assess the
importance of antecedent states in explaining the system’s
dynamics at centennial to millennial time-scales. This idea
has long been identified by palacoecologists, leading to
the concept of ‘legacy’ (Herzschuh et al. 2016). However,
due to data limitations, this idea has been largely used in
a narrative way rather than in a quantitative one, where
most efforts rely on the application of cross-correlation
analysis and the Granger test.

Cross-correlation analysis relies on computing the mutual
correlation between two regular time-series across increas-
ing time lags, and has been used to identify causal links
between biomass and fire frequency (Tinner et al. 1999, Gil-
Romera etal. 2014), and delayed effects of environmental and
anthropogenic drivers on pollen abundance (Kaniewski et al.
2018). Cross-correlation measures the exogenous and con-
current memory components, but ignores the endogenous
memory and lacks the means to analyse more than one driver
at a time.

The Granger test assumes that a cause (driver) hap-
pens prior to its effect (response) and that a cause should
have relevant information on the future values of the effect
(Granger 1969). Shuman and Marsicek (2016) apply it to
analyse causal links between temperature and moisture in
the mid-latitudes of North America during the Holocene.
Although the authors do not mention ecological memory
explicitly, they provide the closest to a quantitative concept
of ecological memory that can be found to date in the pal-
acoecological literature.

In our view, there are three main reasons that prevent the
adoption of ecological memory concepts and methods in pal-
aeoecology: 1) the sparse availability of independent proxies
of environmental drivers with a direct effect on the presence
and abundance of plant taxa, 2) an uneven understanding of
the ecology of the taxa represented in the fossil record and



3) the various errors deriving from taphonomic processes
and the uncertainty associated with the different quality of
chronological models.

Reliable independent palacoclimate proxies such as
oxygen, hydrogen and carbon isotopes exist in different
palacoarchives, although these are often difficult to align
with pollen sequences due to chronological uncertain-
ties, even within close geographical locations (Blaauw and
Mauquoy 2012). Transient palaecoclimate simulations may
help fill this knowledge gap, but still cannot represent
high-resolution climate variability (Harrison et al. 2016).
However, the increasing number of multi-proxy records
(Birks and Birks 2006) offers promising opportunities for
the application of novel methods to understand climate—
vegetation dynamics.

Simultaneously, the proliferation of public databases on
plant traits, taxonomy, species presence, climate and palaco-
climate, remote sensing and repositories of fossil proxies is
opening a window of opportunity to improve our empiri-
cal knowledge on vegetation responses to environmen-
tal change and disturbance regimes, and to bridge the gap
between neoecology and palaecoecology through the adoption
of state-of-the-art quantitative data, methods and concepts
(Svenning et al. 2011).

Sediments deposit at variable accumulation rates, while
pollen samples are often taken at fixed depth intervals, result-
ing in an uneven temporal aggregation that may hide the
footprint of ecological processes driving vegetation dynamics
(Liu et al. 2012). Conceptual and technical breakthroughs
such as pollen accumulation rates (Davis and Deevey 1964)
based on high-quality age-depth models are able to stan-
dardise pollen counts by units of time, offering a more precise
representation of palynological change and, by interpreta-
tion, biomass for a given plant taxon.

Improvements in proxy availability, pollen data quality
and resolution, and age-depth modelling coupled with a
stronger bidirectional flow of knowledge with neo-ecology
(especially ecological niche theory and functional ecology)
will soon enable higher resolution analyses with a signal-
to-noise ratio that allows patterns of ecological memory in
palacoecological datasets to be detected.

Aims

This paper builds on the quantitative momentum that
palacoecology is currently acquiring by introducing the
concepts and methods of ecological memory into the
discipline. Particularly we aim to assess the suitability
of ecological memory as a tool to better understand
vegetation dynamics at millennial time-scales by ana-
lysing the results of individual-based simulations with
a robust machine-learning algorithm to answer two
questions. 1) To what extent do sediment accumulation
and pollen sampling intervals affect ecological memory
patterns? 2) How do life traits and niche features (life
span, fecundity, niche breadth, niche optimum) shape
ecological memory patterns?

Material and methods

A comprehensive exploration of these questions requires
pollen data generated by taxa with known traits as a
response to known proxies, and disentangled from the
effect of competition with other taxa. Since these prop-
erties are absent from most palacoecological datasets, we
have adopted an in silico approach relying on a model sim-
ulating the processes behind the generation of pollen data
that is grounded in ecological theory (Perry et al. 2016).

Simulated taxa

Using the custom ‘virtualPollen’ package (available in R,
R Core Team) we simulate a virtual driver in the range [0,
100] based on a random walk with temporal autocorrelation
at annual tme-steps over a period of 10 000 years
(Supplementary material Appendix 1 section 1). To generate
virtual pollen curves with annual resolution based on this
driver we used the function ‘simulatePopulation’ of the same
package, which implements an individual-based, mono-
specific and non-spatial mechanistic population model,
which relies on five assumptions.

1) Environmental niches follow a Gaussian function rep-
resenting the regeneration niche of the taxa (Grubb 1977).
Niche optimum and breadth (tolerance) are represented by
the mean and standard deviation of the normal function.
This function transforms the driver values into ‘environmen-
tal suitability’ values.

2) Individual biomass growth follows the logistic equa-
tion (Birch 1999): 6= (B/1+ B) + ", where 6 is the indi-
vidual’s biomass, B is the maximum biomass, # is the growth
rate and # is the age of the individual at the given time.

3) Yearly recruitment is a function of the individual’s bio-
mass (Thomas 2011) and the environmental suitability, and
limited by maximum fecundity.

4) Mortality sources are senescence and self-thinning
(Berger et al. 2004). When carrying capacity is reached, indi-
viduals are removed according to a risk curve (Supplementary
material Appendix 1 Eq. 3) until the population biomass is
below the carrying capacity.

5) Yearly pollen production is the biomass sum of all adult
individuals multiplied by the environmental suitability of the
given year, matching observed pollen-environment relation-
ships (Barnekow et al. 2007).

We define 16 virtual taxa with combinations of life
traits and niche features parameters (Supplementary mate-
rial Appendix 1 Table A7) intended to simulate short and
long-lived plant taxa with different fecundities, and hav-
ing either central or marginal environmental niches with
different tolerances (generalist versus specialist taxa). Each
simulation output contains one record per year of driver
values, suitability computed by the niche function of the
virtual taxa, population size, biomass and pollen concen-
tration. Driver values and the pollen output for each simu-
lation is compared through Pearson correlation.



To account for potential distortions produced by uneven
sediment accumulation rates on pollen-environment rela-
tionships, simulation outputs are aggregated into years
per centimetre by following a virtual accumulation rate
(range 1-50 yr cm™; Supplementary material Appendix 1
section 3), and sampled at intervals of 1, 2, 6 and 10cm
(Liu et al. 2012). The data are interpolated at a 20-yr reso-
lution using the R function ‘loess’ (Supplementary material
Appendix 1 section 4). The names used hereafter for the
aggregation levels are: 1, 2, 6 and 10 cm. The direct output
of the simulation interpolated at 20-yr intervals (constant
accumulation rate) is named Annual, and represents the
true data to be used as a control in the analyses. Each data-
set is time-lagged by aligning each pollen sample with its
antecedent driver and suitability values at 20-yr intervals, to
a maximum of 240 yr.

Ecological memory modelling

Random Forest is a machine-learning algorithm based
on an ensemble of regression trees suitable to work with
highly collinear data and insensitive to temporal autocorre-
lation (Breiman 2001). Its variable importance assessment
(Supplementary material Appendix 2 section 2 for further
details) works under the assumption that if a given vari-
able is not important, then permuting its values does not
degrade predictive accuracy. A large number of trees and a
small number of variables to find each split has been found
to increase the robustness of the variable importance analy-
sis (Gromping 2009). In line with these findings, we con-
figured the R package ‘ranger’ (Wright and Ziegler 2017) to
fit forests of 2000 trees, with only two predictors considered
at each split. Further details on this method are available in
Supplementary material Appendix 2 section 2.
Fitted models where based on the expression:

Py =Dioot Prgot et Piago +d, +d, 5
+d gt td gt (1)

where: p, is the pollen output of the population at time z
D120 tO P,_n4 are the antecedent pollen values for the lags 20 to
240 (yr), representing the endogenous memory. Lags of 20 to
240 yr taken at 20-yr intervals were selected after preliminary
trials showed that memory components of the virtual taxa
became insignificant after a lag of 240 yr. 4, ,, to d,_,,, are the
antecedent values of a driver, or the suitability values derived
from the driver by the niche function of the virtual taxa, rep-
resenting the exogenous memory. 4, is the concurrent effect
of the driver or the suitability over the response (at lag 0). 7 is
a variable with a random autocorrelation length (between 1
and 1/4 of the total length of p), with no causal link with p,
used as a null model to assess the statistical significance of the
variable importance scores returned by Random Forest.
Considering that temporally autocorrelated variables with
no causal link with each other can show high correlation
by chance (Dean and Dunsmuir 2016), and that Random

Forest does not measure statistical significance for variable

importance scores, we introduce the term 7 in Eq. 1 to facili-
tate the identification of spurious links between lagged pre-
dictors and the response. Each model is repeated 300 times
(this number of repetitions reaches a compromise between
accuracy and compurtation time), each one with an » term
with a different autocorrelation length (Supplementary
material Appendix 2 section 2.3.1). Percentiles 0.95, 0.5 and
0.05 of the importance scores obtained by each model term
across repetitions are computed as descriptors of the ecologi-
cal memory pattern, and stored for visualisation and further
analyses. Values of variable importance below the median
of the random component are considered spurious. Pearson
correlation between observed and predicted values (pseudo
R-squared) is computed to assess model fit. The functions
required to perform this analysis are available in the R pack-
age ‘memoria’.

We compute three features for each ecological memory
component (Fig. 2): 1) strength: defined as the maximum
difference in relative importance, scaled to the range [0, 1],
between each component (endogenous, exogenous, concur-
rent) and the median of the random component; 2) length:
proportion of lags over which the importance of endogenous
and exogenous memory is above the median of the random
component; 3) dominance: proportion of the lags above the
median of the random term over which endogenous and
exogenous memory have a higher importance than the other
component.

Ecological memory features of the 16 virtual taxa across
datasets (Annual, 1, 2, 6, 10cm) when using either driver
or suitability as the exogenous memory component are com-
puted and used to perform four different analyses.

We compute the differences in ecological memory features
between the Annual and the 1cm dataset (constant versus
varying accumulation rates), using driver as the exogenous
memory component, to test how sediment accumulation
rates can affect ecological memory patterns. To assess how
depth intervals between consecutive pollen samples modify
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Figure 2. Features of ecological memory components: a: strength of
the concurrent effect (highlighted by a grey box); b and c: strength
of the exogenous and endogenous memory; d and e: length of the
exogenous and endogenous memory; f and g: dominance of the
endogenous and exogenous memory.



ecological memory, we compare ecological memory features
across the datasets 1, 2, 6 and 10 cm, using driver as the exog-
enous memory component.

Our model uses a Gaussian function to transform the
driver values into environmental suitability. The correlation
between driver and suitability decreases when the mean of
the niche function is close to the mean of the driver (central
niche), and the standard deviation is small (narrow niche).
In such a case, ecological memory patterns computed from
the driver alone may generate misleading interpretations on
the importance of the exogenous memory. We address this
potential issue by assessing differences in ecological memory
features produced by the Annual dataset when using alter-
natively driver and suitability as exogenous memory compo-
nents in Eq. 1.

To understand how different life and niche traits may
lead to distinct ecological memory patterns, we averaged the
strength, length, and dominance of the endogenous and the
exogenous (using suitability as predictor) memory compo-
nents of the Annual dataset. Life and niche traits of the virtual
taxa are plotted on this space to facilitate the interpretation of
the links between traits and ecological memory components.

Results

Average Pearson correlation between the driver and the
pollen output was 0.384 (standard deviation 0.374) across
taxa, 0.031 (standard deviation 0.018) for taxa with central
niches and 0.737 (standard deviation 0.121) for taxa with
narrow niches.

The concurrent component (effect of the exogenous
variable at lag 0 on the response) generally has the high-
est importance across taxa and datasets. The exogenous
and endogenous memory components are generally higher
than the median of the random component for lags over
100 yr for most taxa, although taxa with a life-span of
1000 yr yield ecological memory components that remain
important beyond the random expectation for most of the
complete set of lags (Supplementary material Appendix 3
section 1.2, Fig. 2, 3).

When assessing the differences in ecological memory
features between the Annual (constant accumulation rate)
and the 1cm (variable accumulation rate) datasets, we find
that sediment accumulation rate generally induces a reduc-
tion in the importance of the concurrent and exogenous
memory features of most virtual taxa, while it inflates the
dominance of the endogenous memory component of half
of the virtual taxa (Fig. 3). This effect leads to a switch in the
relative importance of the endogenous and exogenous com-
ponents in the first lags considered for two of the virtual taxa
(Supplementary material Appendix 3 Fig. 1).

The analysis of the effect of pollen-sampling intervals
on ecological memory patterns shows a general decrease in
memory features with increasing sampling intervals, which
is especially acute in the exogenous memory features and
the strength of the concurrent effect. Endogenous memory
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Figure 3. Differences in memory features between the datasets
Annual (constant accumulation rate) and 1cm (variable accumula-
tion rate). Each dot represents a virtual taxon. Central lines in the
violin plots represent the median. The x-axis is computed by sub-
tracting the memory features of the 1cm dataset from the ones of
the Annual dataset, and represents the effect of a variable sediment
accumulation rate on ecological memory features.

features show gentler but discordant responses, with a mod-
erate increase in the dominance, accompanied by a decrease
in the strength and a neutral response in the length (Fig. 4).

We find that using driver instead of suitability as the
exogenous memory term in Eq. 1 fitted on the Annual data-
set decreases the values of most memory features, although
taxa with wider niches are less affected (Fig. 5). This shift is
more acute in the strength of the concurrent component,
especially for taxa with narrow niches, and in the length of
the exogenous memory, irrespective of the niche features of
the taxa. Taxa with central niches show a positive shift in the
strength of the endogenous memory, while taxa with mar-
ginal and narrow niches show neutral or opposite responses.
The length of the endogenous component is lower across
most taxa.

The analysis of the relationship between species traits and
ecological memory components shows that the exogenous
memory and the concurrent effect (representing the effect
of past and concurrent environments) are stronger than the
endogenous memory for all taxa. It also reveals how life-span
interacts heavily with niche position to generate memory pat-
terns with different relative contributions of each memory
component. In particular, taxa with longer life-spans show
a stronger endogenous memory and a weaker exogenous
memory when their niche position is not central. Short-lived
taxa yield the weakest endogenous memory, except for those
with central and narrow niches that simultaneously have the
highest values of ecological memory and concurrent effect
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Figure 4. Ecological memory features across increasing sampling
intervals. Dots represent virtual taxa. Horizontal jitter was applied
to the points for ease of examination. Linear models across groups
are fitted with the ‘lm’ function in the R software.

(Fig. 6). The fecundity trait does not seem to play an impor-
tant role in defining the memory patterns of the virtual taxa.

Discussion

In this paper we assess how data-generation processes, such
as sediment accumulation rate and pollen-sampling inter-
vals, and taxa features such as the properties of their envi-
ronmental niche and life traits, may shape the expression of
ecological memory patterns sensu Ogle et al. (2015) in pal-
aeoecological time-series. We find that: 1) sediment accu-
mulation rate and long depth intervals between consecutive
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Figure 5. Change in ecological memory features when using driver
instead of suitability as exogenous component in Eq. 1 fitted on the
Annual dataset. Each dot represents a virtual taxon, size represents
niche optimum (position), and colours represent niche breadth.

pollen samples act in synergy to distort ecological memory
patterns by inflating the importance of endogenous mem-
ory and downplaying the importance of concurrent and
antecedent climate; 2) ignoring the niche functions that
mediate pollen—climate relationships can lead to an under-
estimation of the influence of antecedent endogenous and
exogenous conditions, especially when the environmental
niche of the taxon is narrow; 3) life-span interacts strongly
with niche position to generate distinct ecological memory
patterns. Long life-span leads to an increased strength of
the endogenous memory and a decreased influence of the
concurrent and antecedent climate when the niche position
is marginal.

With this study we formally introduce the concept of eco-
logical memory into palacoecology, evaluate its usefulness as
a quantitative tool in the discipline, assess how data and taxa
properties influence the interpretation of ecological memory
patterns, and discuss its potential to improve our understand-
ing of time-delayed responses of biotic variables to environ-
mental change at millennial time-scales.

Data generation processes and ecological memory

Our results show that a variable sediment accumulation rate
leads to consistent changes in the importance of the different
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ecological memory components, and to an underestimation
of the influence of the exogenous memory and the concur-
rent effect. Random differences in memory patterns from the
same data under constant and variable accumulation rates are
expected, because the average pollen abundance of a section
with high inter-annual pollen variability and a steep sedi-
ment accumulation rate might not be very representative of
the actual pollen abundance produced by the simulation at
a given time. However, and according to our results, there is
directionality in the observed changes in ecological memory
features. We hypothesise that the uneven smoothing pro-
duced by the accumulation rate is increasing the temporal
autocorrelation of the pollen abundance, and cancelling the
fine-scale correlation between the driver and the pollen curve,
ultimately raising endogenous memory features and reducing
the exogenous ones.

The effect of increasing depth intervals between consecu-
tive pollen samples perfectly mirrors the pattern found when
analysing the effect of a varying accumulation rate on eco-
logical memory features. Even though all datasets are inter-
polated to the same regular time grid, decreasing sampling
resolution only increases the smoothing of the data and
enhances the decoupling of fine-scale details of the driver and
pollen abundance. This effect is largely linear across sampling
intervals, and clearly indicates that short intervals between
consecutive samples, or no intervals at all, may provide the
data conditions required to assess time-delayed climate—veg-
etation relationships.

However, it is worth noting that we test a single accumula-
tion rate curve (Supplementary material Appendix 1 Fig. 14)
and that the number of virtual taxa and traits used is lim-
ited. Nevertheless, our results suggest that further research
is needed on how sediment accumulation rates decouple

fine-scale relationships between climate proxies and biotic
responses. Such analyses can be either carried out in a simula-
tion like the one we designed and used in this study, or by
applying virtual accumulation rates to high-resolution pol-
len datasets, such as from annually resolved varved sediments
(Vandergoes et al. 2018).

Ecological memory, traits and niches

Interesting properties of ecological memory patterns emerge
when considering ecological niche theory within a palaceco-
logical context and assuming that the link between a driver
and a biological response is mediated by a niche function
(i.e. Gaussian). Strong non-linearities between driver and
response may arise, more so when the niche optimum of
the given taxon is close to the average of the driver (central
niche), and niche breadth is wide, as happens with general-
ist taxa (Sexton et al. 2017). This signal is consistent with
other effects found in species with wide niche breadths, such
as a poor predictability of their distributions in relation to
climate (Connor et al. 2018), or lower potential impact of
ongoing climate warming on their present (Herrera et al.
2018) and future distributions (Thuiller et al. 2005). The
practical consequence of this issue is not only that a low
correlation between driver and response might hinder our
ability to unveil ecological memory patterns with statisti-
cal methods, but that the driver itself might actually have a
minor role in driving the population dynamics of a taxon
when the niche function, and its result, namely suitabil-
ity as perceived by the taxon, is ignored. Our results show
that this omission might come with a price, since the rela-
tive contribution of different ecological memory features
obtained when using a driver as the exogenous memory
component might differ from the truth, and can lead to
an underestimation of the actual importance of ecological
memory processes.

The effects of niche properties on ecological memory are
largely amplified by life-spans. In particular, long-lived taxa
can further decouple their population dynamics from climate
variability, because they require longer time to reach maturity
(Petit and Hampe 2000), and are therefore unable to track
fast climate amelioration. Furthermore, long life-span also
promotes the persistence of biomass under low climate suit-
ability, as observed in relict plant populations (Hampe and
Arroyo 2002), facilitating a fast recovery of the reproductive
function and maximum pollen production when conditions
become suitable, without requiring a long process of popula-
tion build-up.

Our results align with these ideas in suggesting that the
population dynamics (and hence pollen productivity) of
long-lived taxa is often less restricted by climatic drivers and
more driven by their own life-span. In consequence, pollen
concentrations yielded by these virtual taxa are mostly decou-
pled from antecedent driver values and, in consequence, their
endogenous memory is stronger than in other taxa with
shorter life-spans.



We acknowledge that considering niche features and
life-craits might be seem impractical, as often palacopaly-
nological data may represent taxonomic entities as coarse
as a plant family, with unknown ecological niches, and that
available climate proxies represent a combination of climate
factors rather than particular climatic variables. However,
we provide evidence that it is critical to understand the
shape of taxa responses to environmental drivers in order
to interpret correctly the observed ecological memory pat-
terns. An open question is to what extent this limitation
applies to the interpretation of other patterns observed in
palacoecological time series, or how does it contribute to
observed uncertainty in climate reconstructions based on
modern analogues (Birks 2011).

Considerations about our theoretical approach

The simulation model we present allows us to design and
perform in silico experiments without most of the uncer-
tainties found in real palacopalynological datasets (Paus
2013). However, these unknowns are replaced by the limi-
tations introduced by the assumptions of the model and
its numerical mechanics. In order to achieve maximum
simplification by omitting interspecific interactions, our
model assumes mono-specific communities, which are
relatively rare in nature, albeit more frequent in north-
ern latitudes. Furthermore, real pollen datasets are often
expressed as pollen percentages or proportions (Prentice
and Webb 1986), making it difficult to consider any given
pollen type in isolation from the others. A possible work-
around to this particular limitation is to estimate pollen
accumulation rates (Davis and Deevey 1964), which are
intended to represent independent pollen influx of a given
taxon, and should be useful to compute ecological mem-
ory without the interference arising from the abundances
of other taxa.

Additionally, we assume that taxa responses to the envi-
ronment follow Gaussian functions, even though empirical
data show that response curves can be asymmetric, par-
ticularly when close to the extremes of the environmental
gradient (Austin and Gaywood 1994). Nevertheless, this
limitation can be overcome by introducing asymmetric
niche functions into the simulation, such as the Beta distri-
bution, among others.

In our results, the concurrent component (synchronous
effect of the driver over the concentration of virtual pollen)
has the highest importance across virtual taxa and pollen-
sampling intervals. Such an outcome is a direct result of the
simulation design, which computes pollen productivity at
any given time by multiplying biomass (range [0, 100]) and
suitability (range [0, 1]), producing pollen maxima coupled
with peaks of high suitability. This design matches observed
patterns of climate—pollen relationships (Barnekow et al.
2007), but research on this topic is still scarce, and it is pos-
sible that different real pollen types might show different
levels of dependence between concurrent climate and pollen
productivity.

From what is outlined above it could be concluded that
our simulation model is not a comprehensive theoretical
representation of every process contributing to the genera-
tion of pollen curves, but a simplified one, useful to test ideas
on how ecological memory patterns may emerge from the
interaction between taxa with different features and a chang-
ing environment. Undoubtedly, proper assessments of time-
delayed responses to environmental factors must be tested on
real multi-proxy datasets and on taxa with known traits and
niche features.

Moving forward

Our study shows that there is potential for the applica-
tion of ecological memory concepts in palacoecology. It
also highlights how data quality and resolution, along with
the availability of proxies representing meaningful driv-
ers, and knowledge about the ecological niche of target
taxa, are critical to advance from a theoretical stage into
a more practical application of the concept. Under these
ideal circumstances, we identify several exciting but chal-
lenging questions lying ahead. 1) Are ecological memory
patterns conserved across time and sites? Finding whether
ecological memory patterns for given taxa are constant or
not under different climate conditions and accompanying
communities opens the door to a better understanding of
the mechanisms behind idiosyncratic responses to envi-
ronmental change (Rumpf et al. 2014). 2) Do population
growth and collapse show the same ecological memory foot-
print? Different ecological mechanisms are behind popula-
tion growth and collapse under changing conditions, but
these differences are rarely approached from a quantitative
perspective in palacoecology. Assessing ecological memory
separately for population build-up and decline phases in
pollen curves has the potential to detect links between spe-
cies traits and climate trends not examined before. 3) Are
ecological memory patterns found in palacopalynological
datasets useful to understand future responses of vegeta-
tion to the ongoing climate warming? If ecological memory
patterns reveal time-delayed responses of biotic variables
to antecedent climate, a comprehensive understanding of
past ecological memory patterns might prove to be valu-
able in improving current ecological forecasting practices,
moving these beyond correlations with concurrent climate,
and bridging the gap existing between palacoecology and
neo-ecology in their efforts to address responses of biota to
global warming.

Data availability statement

Supplementary materials with the code and simulated
data used in this paper are available at <hteps://github.
com/BlasBenito/EcologicalMemory>, doi: 10.5281/
zenodo.3236128. R packages ‘virtualPollen’ and ‘memoria,
authored by Blas M. Benito, are available in CRAN and
GitHub (<https://github.com/BlasBenito>).
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