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Abstract

A wealth of palacoecological studies (e.g. pollen, diatoms, chironomids and macrofossils from deposits such as lakes or bogs) have revealed major as well
as more subtle ecosystem changes over decadal to multimillennial timescales. Such ecosystem changes are usually assumed to have been forced by specific
environmental changes. Here, we test if the observed changes in palacoecological records may be reproduced by random simulations, and we find that simple
procedures generate abrupt events, long-term trends, quasi-cyclic behaviour, extinctions and immigrations. Our results highlight the importance of replicated
and multiproxy data for reliable reconstructions of past climate and environmental changes.
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Introduction

Past ecosystem change is often used to infer past environmental
change, e.g. temperature, precipitation, pH or forest openness (e.g.
Willis and Birks, 2006). Because species are sensitive to environ-
mental conditions, changing species spectra (extinctions, appear-
ances, long-term trends, abrupt events and periodic cycles) may be
responses to environmental changes. However, as most environ-
ments are complex and multidimensional, it can be problematic to
single out specific environmental factors (Belyea, 2007). Further,
chaotic processes (e.g. non-linear species interactions; May, 1976;
Bennett, 1993; Ives ef al., 2008) and ecology-independent random
drift (Hubbell, 2001) can cause large and unpredictable changes in
species composition. Moreover, available records are undoubtedly
subject to measurement errors.

Random walks are time series where values drift randomly
over time (also known as ‘red noise’ series: Roe, 2009). A famous
visualisation of a random walk is that of a drunkard stumbling
home after leaving a pub, by proceeding in a random direction
from each lamp pole or street corner. A Gaussian random walk can
be constructed by sampling, for each step, a random value from a
normal distribution with the mean taken from a variable’s value at
the previous step; the standard deviation of the normal distribution
prescribes how fast the time series is allowed to drift. Less com-
mon are Poisson random walks, where values are sampled from a
Poisson distribution with the intensity set at the previous value of
a variable (the Poisson distribution describes the amount of rare
events within a period of time, such as the quantity of Betula
grains ending up in a slice of lake sediment). See Appendix A for
more details.

In this paper we simulate fossil proxy time series through
Gaussian and Poisson random walks. We test whether these
extremely simple simulations can produce results that resemble
the complex features commonly identified in palacoecological
data, such as immigrations, extinctions, abrupt events, long-term
trends and cyclic behaviour.

Methods

Here we simulate fossil proxy time series through random walks.
In the first experiment, Gaussian random walks simulate the tem-
poral evolution of several environmental factors (random envi-
ronment), which then dictate the abundances of simulated
proxies. In the second experiment we remove all environmental
forcing, and let species drift randomly over time using Poisson
random walks (random proxies). All simulations are performed in
R (http://www.r-project.org; R Development Core Team, 2009)
using code which is available as supplementary information. The
simulations are intentionally kept at very basic levels, e.g., fac-
tors such as interdependence between environmental forcing
factors or competition between species are not taken into account.
Including these factors would likely increase the complexity and
realism of the outcome; however our aim is to show how seem-
ingly realistic results may be reproduced with obviously unreal-
istic models without bearing on an underlying environment.

Random environment

First we simulate the reactions of proxies forced by a randomly
fluctuating environment. At the start of a time series, for a number
of environmental variables we sample random values from a normal
distribution. Then for each time step, the environmental variables
are allowed to fluctuate from their previous values by sampling
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Figure 1. Representative result of random-walk simulation of proxy reactions to fluctuating environmental forcing factors (see text).
Environmental factors are represented by the four coloured curves. Proxies (grey curves) are ordered according to the timing of their weighted
mean. Proxy responses to the environmental variables are shown in bottom graphs (coloured distributions indicate preferences for the individual
environmental factors). Vertical axes show time steps, horizontal axes show relative proxy abundances (%). This result was obtained using the

code in Appendix A, with random number seed of 199

from normal distributions. We then simulate a number of proxies,
whose abundances are forced entirely by the environmental vari-
ables. Each proxy has an optimum and range for each environmen-
tal factor. If the environmental factors obtain values close to a
proxy’s optimum, the proxy will be most abundant, whereas it will
be rarer in less favourable conditions. The abundance of each proxy
at a certain time is given by the product of its reactions to the indi-
vidual variables. Proxy abundances are expressed as percentages.
See Appendix A for details.

Random proxies

In the second simulation, initial simulated proxy abundances are
sampled from a negative binomial distribution. For each following
step, species abundances are allowed to fluctuate without any
external forcing and independently of each other, depending on
their preceding abundances through Poisson random walks.
Abundances can increase slightly through immigration from the
surrounding communities, by adding a small factor in the intensity
of the Poisson distribution at each step. See Appendix A for details.

Results

Random environment

Each run of the program is unique, so a representative outcome is
shown in Figure 1. Time series length was set at 5000. For four envi-
ronmental factors, initial values were sampled from a normal distribu-
tion with mean 100 and standard deviation 0.2. For 15 proxies (grey
filled curves A—O), responses to the environmental factors were nor-
mal distributions based on (i) means sampled from normal distribu-
tions with mean 100 and standard deviation 20; (ii) standard deviations
sampled from gamma distributions with mean 15 (proxy responses to
the environmental variables are shown in bottom graphs).

The four simulated environmental variables, although entirely
independent, appear to show some simultaneous reactions such as

inflections around step 3000, and general downward trends for
curves 2—4. Several proxy curves show comparable reactions (e.g.
B-D, L-M), even if their underlying environmental preferences
differ. Some peaks in the proxies are more abrupt than the fluctua-
tions in the environmental forcing factors, suggesting non-linear
reactions to combined environmental changes. The heights of the
coloured curves at the bottom of Figure 1 indicate the importance
of specific environmental factors for the individual proxies; broad
curves indicate generalists while peaked curves indicate special-
ists for the environmental factor. Some proxies are very rare or
absent (A, E, F, I, N), because their preferences for the environ-
mental factors do not coincide with the realised environment.

Random proxies

Figure 2 shows a typical outcome, where proxy values are allowed
to fluctuate freely without any forcing following a Poisson random
walk. Time series length was set at 500. For 15 proxies, initial
populations were sampled from a negative binomial distribution
with population size 2000 and mean 100. Sporadic immigration
events were set at mean size of 5, and with immigration probability
of 0.5%. Some proxy fluctuations appear simultaneous, e.g. several
proxies re-appear after near absence around step 350. Several prox-
ies show long-term increases or decreases, as well as abrupt events
and some indications of quasi-cyclic fluctuations (e.g. the red
curve). Curves reminiscent of locally expressed proxies such as
macrofossils, fungal spores, diatoms or chironomids can be obtained
by setting smaller population levels (Figure 3). As for the previous
simulations, covariances between proxy curves remain present even
if absolute proxy values are plotted instead of percentages.

Discussion

The similarities between simulated random walks and real time series
in nature have been noted before (e.g. Yule, 1926; Raup et al., 1973;
Roe, 2009). To our knowledge however, this is the first time that
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Figure 2. Representative result of random-walk simulation of proxy abundances through time (see text). The 15 proxies are ordered according to
the timing of their weighted mean. Vertical axes show time steps, horizontal axes show relative proxy abundances (%). This result was obtained

using the code in Appendix A, with random number seed of 1085
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Figure 3. As Figure 2, but using a lower population size of 500, and plotting absolute proxy abundances instead of percentages. The random

number seed was 993

long-term trends, abrupt events and quasi-cyclicities encountered in
fossil proxy data have been re-created using simple random processes.
This topic was partly touched upon by Clark and McLachlan (2003),
but they did not discuss if and how these peculiar proxy fluctuations
can be simulated with random walks. More complex and ecologically
realistic simulations could have been set up, e.g. introducing interde-
pendences between environmental forcing factors, or including spe-
cies interactions such as competition (Bennett, 1993). However, even
without including such arguably vital factors, proxy curves can be
simulated which look surprisingly like real-life proxy diagrams.

The ‘environment’ random walk demonstrates several important
features of fossil proxy data and their use for reconstructing past
environments. First, whereas in our simulations the environmental
conditions and environmental requirements of the proxies are
known exactly, this is obviously not the case for most real-life fossil
proxy data, where only the observations are known (with error;

Maher, 1972), and limited quantitative information on past environ-
mental changes and the proxies’ ecological requirements is avail-
able. Second, most likely there is no single environmental factor
that can explain the observed proxy changes, and only with multiple
proxies can one discern which of the environmental factors forces
changes in a particular direction. The system is underdetermined as
several environmental configurations can lead to similar proxy
reactions (especially if using few proxies). Third, generalist as well
as specialist proxies occur in the simulation (low versus high peaks
at bottom Figure 1), and both are helpful for environmental recon-
structions. Finally, small and gradual combined changes in forcing
factors can cause abrupt proxy changes.

The ‘proxy’ random walk reveals that using a very simple
random model, surprisingly realistic ecosystem changes occur that
resemble decadal- to millennial-scale features commonly regis-
tered in fossil proxy archives (e.g. Clark and McLachlan, 2003;
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Willis and Birks, 2006). Long-term trends and abrupt events lead
to considerable changes in dominance and absence of species.
Quasi-cyclic behaviour occurs at a range of timescales. Thus when
interpreting fossil proxy events, random changes should be con-
sidered as an alternative explanation, especially during stable and
favourable environmental conditions (e.g. Chase, 2007).

The term ‘random’ can be interpreted in a number of ways. It
is hard to believe that fossil proxy values fluctuated truly ran-
domly without any outside forcing, except for noise introduced by
sampling errors (Maher, 1972). Hubbell (2001) proposed that
biodiversity phenomena can be explained by neutral dynamics,
where births, deaths and immigration of individuals within an area
are entirely random without any underlying ecological causative
factors. Although controversial (Clark and McLachlan, 2003;
Volkov et al., 2004; Clark et al., 2007), it can be seen as a useful
null hypothesis (Alonso et al., 2006). Here we interpret random
fluctuations to be deterministic but complex and non-linear, such
as in Brownian motion of molecules in a gas, the tossing of a coin,
the precise time at which a radioactive atom disintegrates, or cha-
otic ecosystems where multiple factors interact in such a way that
species spectra can only be predicted a few seasons ahead (May,
1976; Ives et al., 2008). Although these phenomena are forced by
physical processes, multiple interacting factors create complex
non-linear reactions, preventing us from knowing the precise pro-
cesses that caused particular events (e.g. Raup et al., 1973;
Bennett, 1993). Similarly, we can only obtain a vague picture of
past environmental changes from reconstructing proxy fluctua-
tions (with error) and making assumptions about imperfectly
known relationships between the proxies and their forcing factors.

In both simulations, there are times of seemingly simultaneous
reactions between proxy curves (co-occurring events of extinc-
tions, immigrations, decreases and increases). In many past eco-
system studies, such proxy changes are attributed to a specific
environmental change, e.g. an increase in temperature. Our results
warn that ecosystem changes can only be assumed to be environ-
mentally forced if supported by (i) a plausible cause—effect mecha-
nism, (ii) independent sources of well-dated replicate data (e.g.
events noticeable in multiproxy records from multiple archives
and sites) and (iii) reliably dated environmental data for the
inferred change. Further, the response rate of a proxy appears to
pay little relation to the rate of forcing environmental change.
These are not trivial aspects, because of difficulties with identifi-
cation of cause—effect mechanisms, and dating uncertainties con-
found attempts to ascertain whether events were truly synchronous
between forcing factors and proxy archives (von Post, 1946;
Smith and Pilcher, 1973; Baillie, 1991; Blaauw et al., 2007, 2010;
Parnell et al., 2008).

What implications do our simulations have for the interpreta-
tion of fossil proxy data? Proxies reflecting a local signal often
show rather erratic proxy curves that are hard to reproduce
within and between sites. In such cases, even pronounced proxy
fluctuations could have been caused by neutral dynamics, and
could thus be simulated by our random walks. The large-scale
patterns of Holocene pollen diagrams are based on the pool of
available species and their migration order, and as such are
highly reproducible within regions even if the causative factors
can be surprisingly hard to decipher (Bennett, 1993). Some of
the variation at fine scales (e.g. between neighbouring cores or
pollen slices) might be due to sampling error (Maher, 1972). For
pollen, our simulations are probably nested within these two

extremes, i.e. reflecting fluctuations at decadal to millennial
scales. The null hypothesis of neutral dynamics needs to be
considered when interpreting proxy curves.
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Appendix A

There are many types of random walks. A Gaussian random walk
for variable X can be constructed by sampling, for each step i > 1,
a random value from a normal distribution with the mean taken
from the variable’s value at the previous step X, = Nix_, 9),
where the size of o prescribes how fast the time series is allowed
to drift and is set at the beginning). Poisson random walks can be
constructed with the formula Xi ~ Pois(Xi-1).

Random environment

At the start of a time series of i=n steps (¢, ..., 1), for j=m
environmental variables we sample random values from a
normal distribution with mean 1 and standard deviation o,
(X N, . o, ) where X denotes environmental varlable
number]) Then for each t1me step 7, the environmental vari-
ables are allowed to fluctuate from the1r previous values by
sampling from normal distributions: X/ NX aem)

We then simulate &=/ proxies ¥, Y) Whose abundances
are forced by the environmental variables Yk ~fiX, X / Each
proxy has an optimum and range for each environmental factor;

~ N(/L , var) where var determines the spread of the optima
across the env1ronment gradients, and o, ~ gamma(range,1)
where range gives the environmental tolerances of the proxies
(the gamma distribution with shape 1 is a continuous approxima-
tion of the discrete Poisson distribution, and ensures that sampled
o values are positive). If the environmental factors obtain values
close to a proxy’s optimum, the proxy will be most abundant,
whereas it will be rarer in less favourable conditions. The abun-
dance of each proxy at time 3 is given by the product of its reac-
tions to the individual varlables Y = l'IN(X 1,0, Pl By default,
proxy abundances are expressed as percentages

Random proxies

In the second simulation, species abundances are allowed to fluc-
tuate without any external forcing and independently of each
other, depending on their preceding abundances through Poisson
sampling. Additionally, abundances can increase slightly through
immigration from the surrounding communities. At the start of
a time series of i=n steps (7,
abundances X are sampled from a negative binomial distribution

o 1), for j=m simulated species

(two parameters population and mean). Then for each step 1, spe-
cies abundances are sampled from Poisson distributions based on
the species’ previous abundances, X_J ~ Pois(X_, ). To simulate
sporadic immigration events (mean size seed, probablhty imm), an
independent Poisson random variable is added, obtaining

Xl_ S Pois(Xl_ _[]_+seed*imm). This process may be described as
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X” Z”+M” whereZ] Pozs(X /andM ~ Bi(n=seed, p=imm)
are independent. Ml models the sporadlc immigration events. Since
M 8 approx1mately distributed as Pois(seed*imm) and adding two
mdependent Poisson random variables results in a single Poisson
random variable, we obtain X y Pozs(X +seed *imm).

Using fairly advanced results in Markov chains (Bremaud,
1999), with the superharmonic function h(k)=k-2e, F = {0}, and
with 0 < & < e = seed*imm, we prove that the Poisson random
walk is stationary (since all states are connected with period 1).
We have not yet been able to find the stationary (equilibrium)
distribution, but numerical experiments suggest it is highly peaked
at 0, similar to a negative binomial with parameters »=0.2 and
p=0.01, but with a heavier and longer tail. Over very long times-
cales, our modelled species will thus be absent most of the time,
while never becoming permanently extinct. It is also well known
that the Gaussian random walk is ergodic (values that are very far
away in time from a sample cannot be predicted, irrespective of
initial conditions). Initial values are a Poisson and a Gaussian
(with suitable parameters), respectively, but these are not crucial
given the stationary properties of the chains.

All modelling was coded in the functions RandomEnv and
RandomProx in file Random.R (supplementary information),
which can be loaded or pasted into R (R Development Core Team,
2009). Comments are preceded by a # symbol. Simulations may
be produced by typing RandomProx() or RandomEnv(), while
default settings can be changed (e.g. time: steps in time, nforc:
number of environmental forcing factors, setseed: control on ran-
dom seed, perc: calculate relative abundances).
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