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Abstract. This paper describes experimenta tests of the biological notion that
correlated fitness landscapes underlie the functioning of ecosystems. We have
demonstrated that a correlated fitness landscape topology describes overall
growth in microbial ecosystems as a function of species composition. This
confirms the intuitive notion that the more similar the structures of ecosystems
are, the more similar their functions will be. Tresemethodsand results provide
opportunities for better understanding how ecosystems function. They also
provide a rationale for using evolutionary computation in optimizing microbial

€cosy stems.

1 Introduction

Fitness landscapes are a common conceptual framework in evolutionary computation.
They provide a way of thinking about solutions to a problem as being points in a
topological space. In this way, fitness landscapes represent the fitness of a particular
solution and its rel atedness to other solutions.

A common intuitive notion in ecology is that the more similar ecosystems are in
composition, the more similar they will behave. In other words, the more similar the
structures of ecosystems are, the more similar their functionswill be. If thisecological
notion holds true then it would mean that the behavior of ecosystems can be
described by correlated fitness landscapes.

In this work, it is tested experimentally if correlated fitness landscapes underliethe
functioning of microbial ecosystems. Species composition was chosen as a measure of
ecosystem structure and overall growth as a measureof ecosystem function.



2 Materialsand Methods

2.1 Isolation of Strains

Microbial isolates with morphologicaly distinct colony features were obtained by
incubating a dilution of a surface layer soil sample on R2A agar and incubating the
plates at different temperatures. From these isolates, 20 different fast growing strains
were selected that had grown well in an overnight Luria Bertani (LB) broth at 37 °C, as
judged by the turbidity of the culture medium. An equal volume of 40% glycerol was
added to the cultures (final concentration 20% glycerol), after which they were
aliguoted in cryovials and stored at -80 °C.

2.2 Ecosystem Assembly and Fitness Deter mination

Experimental ecosystems were constructed by combining particular subsets of amain
set of N isolated microbial strains. For each assembled ecosystem, total growth after 24
h was determined.

Every ecosystem was represented as a binary string of length N, encoding for the
presence or absence of the corresponding organism in the main set. The separate
strains were diluted from their stock vials by adding 13.3 pL of each vial to 6 mL of LB.
Each ecosystem was then assembled in a standard glass test tube by transferring 100
uL volumes of the right dilution tubes. After this, LB was added to each tube to afinal
volume of 2 mL. The test tubes were incubated at 37 °C and 200 rpm for 24 hours.
Growth after 24 hours was assessed by transferring 200 L of each test tube to a 96
well microtiter plate and measuring the optical density in each well using an automated
spectrophotometric plate reader. Optical density (OD) (dimensionless units) is a
measure of turbidity, which is proportional to the amount of microbial cells presentina
sample and thus OD constitutes a measure of microbial growth.

3 Resultsand Discussion

3.1 Correlated Fitness Landscape Test

A set of 60 (=n) random bitstrings of length 20 was generated and the overall growth
of the corresponding ecosystems was assessed as described above, with N = 20.

A test was developed to determine if a correlated fitness landscape was associated
with this experimental dataset of random ecosystems. All possible unique pairwise
combinations of the 60 data points were considered, amounting to a total of 1770
(= (n*- n) / 2). For each pair, two normalized distance metrics were calculated. The first



distance metric (d;) was a measure of structural distance and described the
dissimilarity between the species composition of two ecosystems. The second
distance metric (d,) was a measure of functional distance and described the
dissimilarity in overall growth between two ecosystems:
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with H(bi,l) the Hamming distance between bitstringsb; and b;
N length of the bitstrings
oD, optical density measurement for ecosystem i
Linear regression was performed on the scatter plot resulting from these distance
measures and a slope of 0.00844 was obtained (Figure 1). For visualization purposes, a
moving averages plot was also generated by averaging the values of d, for each level
of d; (Figure?2):
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Fig. 1. Scatter plot of structural (d,) versus functional (d,) distance values of
al possible pairs of ecosy sems
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Fig. 2. Moving averages plot of structural (d;) versus functional (d,) distance values

To determine the statistical significance of the slope obtained, a randomization test
was used [1], with the null hypothesis being that there is no correlation between d;
and d,. A random permutation procedure of size 10°was used on the list of pairs of d,
and d, values. This resulted in arejection of the null hypothesis with p=0.0327. This
indicated that there was indeed a correlation between d; and d,, which means that a
correlated fithess landscape topology underlies the behavior of the ecosystems. We
have demonstrated for this set of 60 random ecosystems that overall, themoresimilar
the ecosy stems are with regards to structure (species composition), the more similar
they are with regards to function (overall growth).

3.2 Estimating Required Sample Size for theCorrelated Fitness L andscape Test

Experimentally assessing fitness values for sets of bitstrings is labor intensive.
Therefore, it is important to know the minimal number of experiments required to be
able to demonstrate a correlation between ecosystem composition and ecosystem
function with statistical significance, for a given number of microbia strains N. In
other words, what is the expected pvalue for a correlation between structure and
function for experimental datasets of various sizes? This question was addressed with
the following test, presented in pseudo-code (with n = 60, the size of the random
experimental dataset):

for Kis 3ton
do 1000 tines

choose k data points fromthe set of n, wthout
repl acement



performcorrel ated fitness | andscape test on this
subset, as descri bed above

deternine significance of the correl ati on obtained
for this subset (permutation, size 100)

out of the 1000 correl ation significance |evels,
report the value at the 95 percentile |evel

For a dataset of n points, this test 1000 times chose a random subset, for subset
sizes of 3 through n. For each subset size level, a correlated fitness landscape analysis
was performed on each of the 1000 random subsets and a significance level (p-value)
for each of these 1000 correlations was determined by permutation. For each subset
size levd, the 95 percentile p-value was reported. Thisresulted in a 95 % upper limit
estimate of p-values for correlated fitness landscape tests on sets of sizes 3 through n.

The result of this test obtained for the random dataset of size n = 60 described
aboveisgivenin Figure 3:
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Fig. 3. Estimated 95% upper limits of p-vaues of structure-function correlation as a function of
number of ecosystems tested

These results suggest that the current number of 60 ecosystems tested for a
number of organisms of 20 could probably not have been lowered without losing
significance on the observation.



3.3 Random Walk

In addition to the random dataset described above, a random walk experiment was
performed to further investigate correlated fitness landscapes underlying the behavior
of microbial ecosystems. A random bit string of length 20 was generated and a walk of
60 steps was determined by randomly flipping the value of one bit in the string per
step. Total growth in each ecosystem was determined with all 60 experiments of the
random walk performed in asingle batch to avoid between batch variability. The result
of thisexperiment isgivenin Figure 4:
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Fig. 4. Growth of mixed microbial ecosystemsin a 60 step random walk

The correlated fitness landscape test was performed on this dataset and here too, a
correlation between similarity in ecosystem composition and similarity in ecosystem
function was demonstrated (p<0.000001).

3.4 Autocorreéation Function and Correlation Length

Using the data of the random walk, an autocorrelation function [2] was calculated. The
autocorrelation function was estimated according to:
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with y= % [3] and y the experimental measurement (OD) of overall growth.

The significance interval was calculated as (— 2/«/'?,+2/«/'F) with T =60 [3].
The autocorrelation functionisgivenin Figure5:
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Fig. 5. Autocorrelation function of the 60 step random walk with confidence intervals

Based on the significance interval, a correlation length of 13 was estimated. Since
this value is much larger than zero, it again indicates the presence of a correlated
fitness landscape, in at |east a section of the solution space

4 FutureWork

Further work should include performing correlated fitness landscape tests on more
random sets of ecosystems, performing multiple random walks, determining statistica
isotropy and possibly inferring properties of the entire solution space. This could
result in opportunities for modeling and predicting ecosystem behavior. The approach
described here should also be applied to various other ecosystems, composed of
different organisms and performing different functions.



5 Conclusions

A common intuitive notion in ecology holds that the more similar the structures of
ecosystems are, the more similar their functions will be. Here, this notion was tested
and proven valid experimentally. A microbial system was set up with ecosystem
structure determined by species composition and overall growth as a measure of
ecosystem function. A new method was introduced and successfully used to
demonstrate that a correlated fitness landscape topology underlies the behavior of
this system. An initial attempt was made at estimating minimal dataset sizes for
successfully applying this test. Finaly, the autocorrelation function and correlation
length of a section of the landscape were determined. These methods and results can
lead to a better understanding of ecosystem functioning. In particular, correlation
lengths and slopes of structure-function graphs could be used as a measure of
relatedness between ecosystem structure and ecosystem function and as such
provide away of comparing that characteristic between various types of isolate sets or
various types of environmental conditions. These results also provide arationalefor
using evolutionary computation techniques to construct optimally functioning
microbial ecosystems (see [4], [5], [6] and [7]) since such techniques can perform well
on correlated fitness landscapes.
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