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Species richness often peaks at intermediate productivity and decreases as
resources become more or less abundant. The mechanisms that produce this
pattern are not completely known, but several previous studies have suggested
environmental heterogeneity as a cause. In experiments with evolving digital
organisms and populations of ﬁxed size, maximum species richness emerges at
intermediate productivity, even in a spatially homogeneous environment, owing to frequency-dependent selection to exploit an inﬂux of mixed resources.
A diverse pool of limiting resources is sufﬁcient to cause adaptive radiation,
which is manifest by the origin and maintenance of phenotypically and phylogenetically distinct groups of organisms.
The explanation for differences in species richness among habitats has been called “perhaps the
greatest unsolved ecological riddle” (1). One
factor widely thought to control species richness
is productivity. Productivity can be defined in
several ways, including as “the rate at which
energy flows through an ecosystem” (2). Species
richness typically grows with productivity but
sometimes declines at very high productivity
levels (3–9). Several alternative hypotheses
have been proposed for why diversity might
be maximized at intermediate productivity,
with this relation depending in various ways
on spatial heterogeneity in resource distribution or on predation that prevents competitive
exclusion (1–5, 9–13).
Adaptive radiation has been directly observed in bacteria, whose rapid generations
allow experiments on an evolutionary time
scale. For Escherichia coli grown in a homogeneous medium with a single limiting sugar,
adaptive radiation can occur via cross feeding, in which metabolites produced by certain
genotypes serve as resources for others (14–
18). On the other hand, spatial heterogeneity
was necessary for adaptive radiation in
Pseudomonas fluorescens, because populations evolving in a spatially homogeneous
environment showed no diversification (9,
19). A Levene-type model was proposed to
explain this diversification under heterogeneous, but not homogeneous, conditions (9).
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cur in spatially uniform environments that
contain multiple resources (20, 21), because
negative frequency-dependent selection, in
which competition favors rare types, is a
general mechanism for maintaining diversity.
Our focus here, as in the experiments with
bacteria, is on adaptive radiation giving rise
to species that are functionally distinct from
one another; our focus is not on processes
that can lead to reproductive isolation, because bacteria and digital organisms reproduce asexually. Thus, one can think of a
species as a group of organisms that share
most of their genotypic and phenotypic features but which differ substantially from
members of other species (22). Digital organisms allow us to quantify precisely the extent
of phylogenetic divergence, a metric relevant
to both asexual and sexual species. Specifically, we examine the relation between the
productivity of an environment and the species richness that arises via evolution from a
single ancestral type.
Digital organisms are self-replicating computer programs that inhabit a computational environment in which they compete for resources,
mutate, and evolve (23, 24). They can be viewed
as domesticated computer viruses, and they have
been used to study a number of fundamental
problems in evolution (23, 25). Each organism
has a genome that is a sequence of instructions in
a special-purpose programming language; these
instructions allow an organism with a suitable
genotype to copy its genome and perform various logic functions on a virtual CPU (central
processing unit). The logic functions correspond
to exothermic catalytic reactions insofar as they
provide the organism with energy that allows
faster reproduction. Mutations arise during the
copy process and affect single instructions at the
rate of 0.5 mutations per genome replication in
this study. Most mutations are deleterious, often
resulting in an organism unable to reproduce, but

some are neutral or beneficial. Beneficial mutations may result from refining the replication
mechanism, improving an existing logic function, or discovering a new function that is rewarded (25).
In previous work with digital organisms,
the resources corresponding to different logic
functions were unlimited in the sense that the
reward obtained for performing any particular function was unchanged as the number of
organisms that performed it increased (although the relative advantage of performing a
function declined as more organisms performed it). In this study, we used a configuration in which the reward obtained by a
particular organism for performing any logic
function declines with consumption of the
reward by other organisms (26). Thus, each
logic function corresponds to a distinct resource that can be independently depleted
and renewed (27). The environment is configured as a well-stirred reactor without any
spatial structure. Resources flow into the reactor at a constant rate, and they flow out in
proportion to their abundance. In our experiments, inflow rates are varied over six orders
of magnitude, whereas the outflow rate is
kept constant (27). Population size is held
constant at 3000 organisms across all inflow
rates; newborn organisms replace randomly
chosen existing organisms. We inoculate the
populations with a simple organism that receives some basal energy and can reproduce
but which cannot perform any logic functions. Nine different resources corresponding
to nine different logic functions (25) are provided, all at the same inflow rate in a given
experiment. There are no predators or parasites on the digital organisms in our experiments. Thus, only the overall productivity of
the environment varies, with the relative supply rate of different resources and all other
factors held constant. As our operational definition of species, we use clusters of organisms that all have small phylogenetic distances from one another (27). The phylogenetic
distance between two organisms is defined as
the total number of intermediate organisms
(having different genotypes from their parents) along the lines of descent leading to
their most recent common ancestor (25).
Productivity, as defined here by resource
inflow to the system, has a profound effect on
the resulting species richness. Figure 1 shows
the number of species (determined by the
clustering algorithm) as a function of resource inflow rate and time. Species richness
reaches its maximum level at intermediate
productivity and declines substantially at
both lower and higher productivities (Fig.
1A). Species richness also increases with
time but approaches a plateau rather than
increasing indefinitely (Fig. 1B). At very low
productivity, the reward for performing new
logic functions is too low to offset the cost of
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Fig. 1. Mean number of species as a function of inﬂow
rate (A) and time (B). Species
are deﬁned with the use of a
clustering algorithm based on
phylogenetic distance. Each
point represents 25 replicate
runs, with bars showing standard errors. All of the runs
start with a simple ancestor
that is unable to use any of
the resources obtained by
performing logic functions.
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Fig. 2. Invasion when
rare with numbers of
organisms shown as a
function of time. Colors correspond to the
same six species as in
Fig. 3. Species 1 in this
example ecosystem
can invade when rare,
and all species quickly
approach an equilibrium abundance (inﬂow
rate is 103 resource
units per update). Invasions of the other
species are shown in
ﬁg. S1.
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distance is small, because the ﬁgure merely shows the one-dimensional projection of total genetic change
from the ancestral reference point. Typical phylogenetic depth proﬁles at lower and higher inﬂow rates are
shown in ﬁg. S3.
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performing them; the evolved organisms that
dominate continue to use only the basal energy that was also available to their ancestor.
At intermediate productivity, species richness
increases over time as organisms with new
logic functions evolve and invade the community (Fig. 1B). No single species dominates the community owing to the frequencydependent advantage associated with the use
of abundant resources that have been newly
discovered or that remain underutilized. The
resulting community is stable in the absence
of mutation and further evolution, and species can invade when rare (Fig. 2 and fig. S1).
At higher productivity levels, the logic functions that enable various resources to be used
are potentially advantageous, but frequencydependent selection becomes weaker as inflows increase and the depletable resources
become effectively unlimited (fig. S2). At the
highest productivity level, the evolved community is dominated by a single specialist
species that can grow the fastest. Because the
resources associated with the simplest logic
functions are sufficiently abundant to fuel the
whole population, these organisms do not
carry out the more costly logic functions, nor
can specialists on the more costly functions
gain a foothold.
Figure 3 shows phylogenetic depth versus
time for a typical experiment performed at an
intermediate productivity level. The adaptive radiation begins quite early, and the resulting species differences are permanent. Of course, many
other branches appear and disappear; the figure
shows only those lineages that have descendants
at the end of the experiment. By contrast, no
permanent branches corresponding to stable species are seen at the lowest and highest productivity levels (fig. S3). Notice, too, that each
branch displays a fairly constant rate of genetic
change, a sort of molecular clock (28, 29), although there is variation in rates among the
species. All species derive from the same ancestor, and they all experience the same per-instruction mutation rate. The rate differences between
species must reflect differences in the proportion
of conserved sites that evolve in the different
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species’ genomes, because total genome length
is fixed at 100 in these experiments. Other replicates are qualitatively similar. Among the replicates at each inflow rate, there is of course

variation in the resulting number of species that
evolve. The maximum final species number that
we have observed at any productivity level is six.
Occasionally, a new species evolves that can
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Resource
the usage matrix indicates the relation between the species based on the phylogeny in Fig. 3 (relative branch lengths not
to scale).

simultaneously outcompete two existing species,
thereby reducing the total number of species in the
community, although species richness often
subsequently rebounds. Thus, the species richness
in these digital communities reflects a dynamic
steady state rather than some optimal end point.
Moving from a phylogenetic perspective
to one based on ecological performance, Fig.
4 displays the resource utilization patterns of
the same community of species illustrated by
the phylogenetic depth profile in Fig. 3. Resource usage levels are averaged over all
organisms that belong to a given species
based on the clustering algorithm, which uses
only phylogenetic data (not ecological phenotypes). The six species are all clearly phenotypically distinct. Moreover, each species
consumes a larger share of at least one resource than does any other species. Species 3
is specialized on the use of resource 1, whereas the other species use two or more resources. Species 1 has the most generalized phenotype, using five resources including two
that it dominates (resources 5 and 9). The
precise partitioning of resources varies from
one replicate experiment to another and does
not follow any obvious rule. We have also
demonstrated that our speciation results are
not dependent on the particular ancestral organism we have used and that the pattern of
species richness is not substantially altered
when species that evolved at other resource
levels are introduced into a community [Supporting Online Material (SOM) Text].
In summary, our experiments demonstrate an
evolutionary effect of productivity on species
richness, with adaptive radiation leading to maximum diversity at intermediate resource inflows
in communities with fixed total population size.
The decline in species richness at high productivity occurs because selection shifts from favoring exploitation of unused resources to favoring maximum replication rate when resources
are superabundant. Importantly, this pattern does
not require spatial heterogeneity or predation,
although these and other ecological factors may
augment or oppose the adaptive radiation.
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Protein microarrays provide a powerful tool for the study of protein function.
However, they are not widely used, in part because of the challenges in producing
proteins to spot on the arrays. We generated protein microarrays by printing
complementary DNAs onto glass slides and then translating target proteins with
mammalian reticulocyte lysate. Epitope tags fused to the proteins allowed them
to be immobilized in situ. This obviated the need to purify proteins, avoided protein
stability problems during storage, and captured sufﬁcient protein for functional
studies. We used the technology to map pairwise interactions among 29 human
DNA replication initiation proteins, recapitulate the regulation of Cdt1 binding to
select replication proteins, and map its geminin-binding domain.
To exploit the growing number of expressionready cDNA clone collections, high-throughput
(HT) methods to study protein function are needed (1–5). The development of protein microarrays offers one compelling approach (6–8). Protein microarrays are currently available in two
general formats. Antibody arrays contain an array of antibodies that measure the abundance of

specific proteins (or other molecules) in samples
(9). Our work focuses on target protein arrays,
which present arrayed proteins of interest. They
can be used to examine target protein interactions with other molecules, such as drugs, antibodies, nucleic acids, lipids, or other proteins. In
addition, the arrays can be interrogated to find
substrates for enzymes (10, 11).
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