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Abstract Evolutionary theory explains the origin of complex
organismal features through a combination of reusing and
extending information from less-complex traits, and by needing
to exploit only one of many unlikely pathways to a viable
solution. While the appearance of a new trait may seem sudden,
we show that the underlying information associated with each
trait evolves gradually. We study this process using digital
organisms, self-replicating computer programs that mutate and
evolve novel traits, including complex logic operations. When a
new complex trait first appears, its proper function immediately
requires the coordinated operation of many genomic positions.
As the information associated with a trait increases, the probability
of its simultaneous introduction drops exponentially, so it is
nearly impossible for a significantly complex trait to appear
without reusing existing information. We show that the total
information stored in the genome increases only marginally
when a trait first appears. Furthermore, most of the information
associated with a new trait is either correlated with existing
traits or co-opted from traits that were lost in conjunction
with the appearance of the new trait. Thus, while total
genomic information increases incrementally, traits that
require much more information can still arise during the
evolutionary process.
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1 Introduction
When Darwin released his theory of evolution by natural selection, some biologists objected on
the grounds that it could not explain the origin of entirely new traits, arguing that incipient forms on
the way to producing useful structures served no purpose and hence would not be supported by
natural selection [10]. Darwin had anticipated this difficulty, and in his first edition of On the Origin
of Species [3] noted that ‘‘In considering transitions of organs, it is so important to bear in mind
the probability of conversion from one function to another’’ and furthermore, that ‘‘Different kinds
of modification would, also, serve for the same general purpose.’’ In other words, Darwin proposed
that new traits arise due to functional shifts from previously existing traits, and that even though
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any specific modification may be unlikely to evolve, many different pathways may all lead toward the
same goal; even if the outcome we witness seems incredibly unlikely, it was only one of many
possibilities.
Substantial evidence has been collected indicating that complex traits can be produced through
the evolutionary process, including such examples as the evolution of the eye [6, 12, 18], exoskeletons [21], the Krebs cycle [9], insecticide resistance [11], nutritive ‘‘milk’’ in the cockroach [23], and
many others [2, 4, 5, 17]. In terms of artificial life studies, a detailed demonstration of the evolution
of complex traits in digital organisms was performed using the Avida system [8].
The question remains as to how information flows into the genome to generate new complexity.
If a new trait must arise from nothing, then the probability for this trait to appear drops exponentially as the number of genomic positions it requires increases. Even considering that portions of the
information required to express a new trait come from existing traits (which may be destroyed in the
process), all of the unique information associated with the new trait must arise without the benefit of
selection for the incipient forms. Thus a new complex trait can only arise when the majority of its
information has already made it into the genome through the presence of preexisting traits, typically
of lesser complexity.

2 Measuring Genomic Information
We can use information theory to frame our analysis of biological complexity by measuring the
amount of information associated with each trait, and how much information is shared between
traits. In general, an organism can be thought of as an information channel [14] that passes a message (its genome) to a recipient (its offspring) in the presence of noise (mutations). The key difference here from traditional studies of information theory is a feedback loop: The message being
passed will be used to build the next organism, which, in turn, will pass the message on. Any flaws in
the information transmitted may reduce the capacity of the subsequent channel. However, errors
also have a small probability of being beneficial and improving the quality of the offspring.
In a typical population, organisms will be subject to a uniform mutation rate across their genomes. Positions that contain no information can mutate freely, while those that store information
important to the organism’s survival will typically be perfectly conserved. We can use the distribution
of symbols at each genomic position to estimate the amount of information stored at that position,
and then sum these values to approximate the genomic complexity [1, 7].
In Shannon information theory [19, 20], the entropy

HðXÞ ¼ 

X

px log px

ð1Þ

x aX

is used to measure the expected number of bits required to specify the state of a system, and is
maximized when all possible states are equally likely. In the case of genomic sequences, any reduction
from maximal entropy at a locus indicates that information is being stored at that locus. A site that
encodes no information can take on all possible symbols without affecting fitness; with all symbols
equally probable, entropy is maximized and information content is zero. Likewise, a site that cannot be altered without reducing fitness encodes the maximum amount of information about its
environment.
Given D possible symbols at each genomic position, we can take our logarithms to base D to
normalize the entropy at that position to be between 0 and 1. To determine the amount of information at this position, we can then simply subtract its entropy from the maximal entropy of 1. Next,
we approximate the information content of the whole system by summing the per-site information.
This is only an approximation, because it ignores interactions between sites. For example, if two
256
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positions maintain redundant information, they may be miscounted. However, in practice this approximation proves to be sufficiently accurate.
3 Experimental System
To study what happens to information in genomes during the evolutionary acquisition of a complex
trait, we must use a system where we can isolate organisms associated with the adaptive event and
then fully manipulate them to measure the information content of their genomes. This requires a
level of knowledge about the state of the system that is unattainable in natural systems, but can be
easily imagined in a computational one. In this article, we use digital organisms in the artificial life
system Avida [16].
Digital organisms are self-replicating computer programs that are subject to mutations and will
evolve to best survive in their virtual environment. Evolution progresses very naturally in these
systems, and they are not subject to artificial fitness functions. Indeed, organisms will often evolve
novel and even surprising survival strategies [8, 15, 22].
In Avida, each digital organism consists of a virtual CPU that processes a sequential program (the
genome) made up from a genetic language consisting of 26 possible commands [13]. The commands
in the language are simple, atomic operations that can be strung together to produce programs to
perform any possible computation; that is, the genetic language is Turing complete. The organisms
exist in an environment where resources are present that they can metabolize into extra CPU cycles
by performing Boolean-logic based operations. In all of the experiments presented here, we provide
unlimited resources to the organisms, and space (due to a finite population size) is the only limiting
factor that they must compete over. Additional CPU cycles allow an organism to execute their
genome more rapidly, and therefore increase its replication rate. In the default Avida environment
used here, nine resources are available, each associated with a different Boolean-logic operation. The
most complex of these is EQU, which is the focus of this study, as it has been for previous studies of
complex traits [8]. To perform the EQU operation, an organism must input two 32-bit sequences
and output a third sequence where each bit is set to one if the corresponding bits in the other
sequences are the same (that is, both one or both zero) and is set to zero otherwise.
We can perform tests on digital organisms without influencing the course of evolution in the
population by first copying them into a separate, isolated test environment. In particular, if we want
to measure the amount of information contained at a genomic position, we can perform every possible point mutation at that site and measure the fitness relative to the unmutated wild type. If all
modifications at a position are lethal, that position clearly contains the maximum possible
information, which we will term 1 complexity unit (CU). If all mutations at that site are neutral, the
site clearly contains no information (0 CU). For intermediate values, we can use the fitness values of
the mutants to calculate their expected relative abundance (as described in [7]) and use this
abundance to calculate the information content.
We can also measure genomic information in an altered environment to tease out what traits the
information is associated with. For example, if we wish to measure the amount of unique information associated the EQU trait, we can calculate an organism’s information content in the default
environment, and then recalculate it in an environment that lacks the EQU resource. It will not be
harmful for an organism in the latter environment to lose the ability to perform EQU, and hence
mutations at sites associated with this trait will no longer be detrimental unless that site’s information
was shared with a secondary trait. The difference between these two measures is the amount of
information uniquely associated with the EQU-metabolizing trait.
4 Experiments and Results
We performed a set of 50 Avida runs using a default configuration. Specifically, we used population
sizes of 3,600 organisms, a per-site mutation rate of 0.0025, and a genome-level insertion and
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deletion rate of 0.05. We used an ancestor with a length 100 genome, which was capable of selfreplication but had no other functional traits. The organisms evolved in an environment with
unlimited resources associated with all nine basic bitwise logic operations. We then measured the
complexity of organisms in four different environments.
4.1 Three Sources of Complexity
We tested the complexity of the organisms in four different environments to identify which complex
traits each instruction’s information is associated with. Environment I is the default environment with
unlimited resources for all nine logic operations. Measuring the information content in this environment gives us the total complexity for an organism. Environment II is identical to environment I,
but without the resource associated with the complex trait EQU. The difference between an organism’s complexity in environments I and II provides us with the amount of information uniquely
associated with performance of the EQU trait. Environment III contains only the EQU resource, but
none of the others, and environment IV contains no resources at all. The difference between the
complexity measures in environments III and IV yields the total amount of information used to
perform EQU, even if this information is also associated with other traits.
Figure 1 shows these information measures for a typical Avida run. In this example, the first
organism in the population to possess the EQU trait appeared at update 24,891. While this organism
did gain EQU (and 4.9 CU of information over its parent), it simultaneously lost the ability to
perform the logical operation AND. When we tested it in environment II, where EQU is not rewarded, the information content of the genome actually dropped by 5.0 CU worth of information
that was converted to be used solely by EQU. At this point, the genome contained a total of 9.9 CU
of information unique to EQU (4.9 CU new + 5.0 CU converted) and another 23.0 CU of information shared with other traits, for a total of 32.9 CU required for EQU.
A total of 24 out of the 50 trials obtained the EQU trait. Figure 2 displays the average information content of genomes from these lineages, centered on update zero as the point where EQU is
first acquired. From this figure, it is clear that the information associated with the EQU trait comes

Figure 1. Information content over the course of a typical Avida experiment. We selected the most abundant genotype
from an evolved population, and measured the information content of all of its ancestors along its line of descent to track
complexity over time. The solid line displays the full complexity of the organisms, including a small jump up when EQU
was first evolved. The diamond line shows the complexity of the organisms when EQU is ignored; a tradeoff during the
evolution of EQU causes this measure to drop slightly. The dashed line tracks the total information associated with the
EQU trait, and the starred line shows how much of that complexity is unique to EQU, indicating that most of its
information is shared with other traits.
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Figure 2. Average information during the acquisition of the complex trait EQU. We centered 24 runs on their acquisition
of the EQU trait and averaged their information values to create this graph. The average focuses on 10,000 updates
before and after the time point where EQU is first acquired, centered on that event as time zero. As with the sample run
displayed in Figure 1, the total complexity (solid line) tends to increase due to EQU, but tradeoffs cause the complexity
excluding EQU (diamond line) to drop. The total complexity associated with just EQU (dashed line) makes up almost half
of the complexity in the genome, but most of this is shared, as indicated by the unique information associated with EQU
(starred line), which is much smaller.

from three different sources. The majority of the information (72.3%) is shared with other traits. The
remainder is split between information used that was once part of now-defunct traits (22.0%) and
newly incorporated information that has appeared for the first time due to this trait (a mere 5.7%).
The total information associated with the newly evolved EQU task is, on average, 26.8 CU; the mean
newly incorporated information is 1.5 CU, and the mean information coming from now-defunct
traits is 5.9 CU.
The relative importance of these information sources varies widely from one run to the next. To
better understand the breakdown of where information comes from, we have created a histogram
isolating the sources, as seen in Figure 3. Surprisingly, the change in organism complexity when EQU
first arises was negative in three of the 24 cases (Figure 3a). This occurs when the traits lost during
the acquisition of EQU actually had a greater combined complexity than the complexity of the EQU
trait itself. In all three cases, the complexity was restored (through the reacquisition of lost traits)
shortly after the rise of EQU. It is equally unexpected that the complexity of the organisms can go up
when EQU first appears in the environment where EQU is not rewarded (Figure 3c). This happens
if other traits arise simultaneously with EQU, or existing traits reorganize due to EQU’s appearance.
Figure 3b shows the unique information associated with the EQU task. The range of this unique
information is large, from 0 to 16.7 CU. The total information associated with EQU differs among
organisms, ranging from 12.8 to 35.3 CU (Figure 3d).
4.2 The Distribution of Complexity Changes from Beneficial Mutations
To further examine the amount of information that can appear ex nihilo in association with a beneficial mutation, we performed a set of experiments at three different time points in our 50 evolved
populations (1% of the way into the run, 10% of the way in, and at the end of the run). At each time
point, we chose 2,000 random organisms to mutate (with replacement) from each of the 50 populations. In each case we examined the complexity both before and after the mutation. Figures 4a to 4c
show the distribution of the complexity changes associated with beneficial mutations at each time
point. While a total of 100,000 mutations were examined for each graph (50 runs  2,000 mutations
tested per run), only a small fraction of them were beneficial. At 1,000 updates there were 18,675
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Figure 3. Histograms indicating the distribution of information in the 24 trials where organisms developed the EQU trait:
(a) the change in complexity for the whole organism when EQU first arises; (b) the complexity unique to EQU, not
shared by other traits; (c) the change in complexity of all traits other than EQU at the time EQU arises; and (d) the total
complexity of the EQU trait, including information shared with other traits.

beneficial mutations, at 10,000 updates there were 5,500 beneficial mutations, and at 100,000 updates
there were 2,473 beneficial mutations. Over time, populations became better adapted to the environment, reducing the amount of information left to incorporate, explaining the decline in the number of beneficial mutations.
The distribution of complexity increases (i.e., where complexity change is greater than zero)
exhibit a clear exponential distribution at all three time points, as shown in Figure 4a – c. On average,
every instruction that adds to complexity should have the same probability of mutating into the
genome, meaning that more complex structures are exponentially less likely to occur by random
chance alone. This leads to the exponential distribution observed, as long as a sufficiently rich
environment exists. Figure 4c has a more uneven distribution of complexity increases than the earlier
time points. This is largely due to the reduced availability of beneficial mutations as the organisms
become so well adapted to the environment that there is little room for improvement; the mean
number of tasks evolved over 50 runs at 1,000 updates is 0.1; at 10,000 updates it is 5.6; and at
100,000 updates it is 7.9 out of the possible 9. In other words, at 100,000 updates very few traits are
still available to be acquired, leading to this effect.
To account for the effects of simpler tasks on the continued evolution of complexity, we performed a set of control runs where the organisms evolve in an environment without any resources
associated with logic operations. We then analyzed the complexity changes from mutations (as above
procedure) when these organisms and their mutants were moved into the nine-resource environment. Figure 4d shows the distribution of these complexity effects at update 10,000. We again see a
similar exponential distribution of positive complexity changes. This indicates that the absence of
building blocks does not limit the amount of new complexity that comes into the genome; however,
without building blocks it becomes nearly impossible to evolve any of the more complex traits, such
as EQU.
260
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Figure 4. The distribution of complexity changes with beneficial mutations from 100,000 random sampled organisms in
the populations (a) at 1,000 updates, (b) at 10,000 updates, (c) at 100,000 updates under a nine-task environment, and (d)
at 10,000 updates of control runs. The dashed line represents the mean complexity changes, and the dotted lines are one
standard deviation from the mean.

To improve our understanding of how complexity enters the genome, we need to focus on those
mutations that provide a selective advantage and persist over evolutionary time scales. Clearly,
mutations that lead to beneficial traits will be selected for. Thus we expect mutations that have
become fixed in the population to provide more complexity, on average, than random mutations
(even random beneficial mutations). This effect is clearly shown in Figure 5, where we examine the
distribution of complexity changes in lineages in the nine-resource environment.

Figure 5. The distribution of complexity changes from a beneficial mutation along the lineages of 50 runs in the nine-task
environment. The dashed line represents the mean complexity changes, and the dotted lines are one standard deviation
from the mean.
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5 Conclusions
We have demonstrated that when a new trait is introduced into a genome, its complexity comes from
three sources: complexity shared with other traits; complexity from once functional but now defunct
traits; and complexity belonging to newly incorporated information. We performed random
mutation tests on populations at multiple time points and evolutionary stages. Based on the
distribution of complexity changes due to beneficial mutations, we see that mutations leading to large
complexity changes are exponentially rare. In particular, we see that the complex trait EQU requires
on average 26.2 CU, but we never see more than half of this complexity appear in a single mutational
step. If a complex trait such as EQU is to evolve, it must utilize preexisting complexity.
The experiments presented here were performed in digital organisms that are simple compared to
life in the natural world, where there are far more than just nine resources for the organisms to
interact with. Note that every new trait that appears provides new building blocks to work with,
which, in turn, increase the probability for even more complex adaptation. We expect dramatically
more complex traits to emerge in the natural world under such gradual increases in organismal
complexity.
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