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Abstract

Insights from comparative genomics, whereby the genomes of different species are compared,
have the potential to address broad and fundamental questions at the intersection of genetics
and evolution. However, species, genomes and genes cannot be considered as independent data
points within statistical tests. Closely related species tend to be similar because they share
genes by common descent, which must be accounted for in analyses. This problem of non-
independence can be exacerbated when examining genomes or genes. The application of
phylogeny-based methods to comparative genomics can address this problem. These methods
must be considered an essential part of the comparative genomics toolkit, to prevent the
accumulation of studies that produce incorrect conclusions. Here, we review how controlling
for phylogeny can change the conclusions of comparative genomics studies. We address
common questions about how to apply these methods and illustrate how they can be used to
test causal hypotheses. The combination of rapidly expanding genomic datasets and

phylogenetic comparative methods is set to revolutionize our understanding of biology.

[H1] Introduction

Since the beginning of the century, the number of sequenced genomes has increased to many
hundreds of thousands, providing a full genetic record for thousands of species across the tree
of life!>. Comparing the genomes of different species can provide insight into which genes
control particular phenotypic traits and how those traits evolved. For example, comparative
genomics has identified bacterial genes that harm crops®’, tracked antibiotic resistance through
hospitals®®, and unravelled how echolocation evolved independently in dolphins and bats!®-!2,

Comparative genomics datasets often contain biases that, unless fully accounted for,
can lead to incorrect conclusions. Statistical tests assume that data points are ‘independent’

from one another. This means that each data point represents an individual replicate drawn

from an underlying distribution, and the value of any one data point does not depend on or
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influence the value of any other data point. Even a slight lack of independence can lead to bias
in statistical analyses and incorrect conclusions!3~13.

A problem for biologists wanting to conduct any form of across-species comparative
analyses is that species do not represent independent data points!®-2° (Fig. 1a). Closely related
species tend to be similar because they share traits by common descent rather than through
independent evolution (Fig. 1b). To give an extreme example, passerine birds all have wings
because they inherited the genes to produce them from a common ancestor, not because each
species independently evolved to fly. In genomic datasets, data points can correspond to
genomes or even individual genes, meaning the problem of species not being independent can
be exacerbated by additional levels of non-independence, including genes within genomes,
such as those carried on the same replicon, and genomes of the same or closely related
species!®1921-26. The problem of non-independence is complicated even further by how
unrepresentative most genomic datasets are of natural communities, owing to biases in which
species have been sequenced more frequently (Fig. 2)*72°.

The fact that species cannot be considered independent data points was first recognized
in the 1970s by evolutionary biologists studying the evolution of life history traits such as
sexual dimorphism and home range in primates!®!83932, This led to the development of
numerous methods that take phylogeny into account and control for the non-independence of
species!®181933 These phylogeny-based comparative methods have revolutionized behavioural
and evolutionary ecology research, including research into sexual selection, resource
competition and social evolution®*. However, the application of phylogeny-based comparative
methods to genomic data has not been consistent, and has been limited in some areas such as
microbial genomics. The potential problem of non-independence remains to be fully
recognized across the entire field of comparative genomics. In contrast, many of those
developing and using phylogeny-based methods focus on phenotypic, rather than genomic,
traits. Consequently, some sections of these fields have developed separately, with little
discourse, although the problems and solutions are very similar. It is crucial that these existing
phylogenetic methods are now consistently applied to genomic data to prevent the
accumulation of studies with spurious conclusions.

Here, we review how phylogeny-based comparative methods can be used to analyse
genomic data to resolve two key problems: species are not independent, and using genes and
genomes as data points can multiply the problem of non-independence. We provide illustrative
case studies in which controlling for non-independence led to changes in the biological

conclusions drawn from genomic data (Box 1). We address common questions that arise
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regarding when and how to control for phylogeny, and show how phylogeny-based methods
can be used to test causal hypotheses. We focus on comparative genomic analyses across
species, although comparative genomics can also be conducted within species; the questions
and methods used are generally analogous, and problems encountered are similar to those we
discuss here’>#, Of note, phylogenetic methods can be used to also address other questions,

such as how features of the genome influence diversification! 3.

[H1] Control for phylogenetic relationships

The problem of species’ non-independence can be solved by taking the evolutionary history of
species into account. A phylogeny is a tree that shows the evolutionary relationships between
species, and many methods allow us to incorporate phylogenies into statistical models and
tests. While each approach is different, they all ultimately account and control for phylogenetic

non-independence. Here, we summarize the most used methods (Table 1).

[H2] Phylogenetic regressions and mixed models

One class of methods to control for phylogeny uses phylogenetic regressions!#443,
These are like standard regression approaches but with an additional term to account for a
trait’s correlation with species’ evolutionary history (‘phylogenetic signal’). Similar to other
linear models, phylogenetic regressions can be generalized to allow for non-Gaussian response
variables. These phylogenetic regressions can also be expanded to phylogenetic mixed models,
to analyse the influence of multiple variables. As with standard mixed models, phylogenetic
mixed models allow us to include all explanatory variables as either: a fixed effect, meaning
one would like to test the effect on the response variable; or a random effect, meaning one
would like to control for any effect on the response but not explicitly test it in the analysis. A
phylogenetic mixed model includes the phylogeny as a random effect, often as a matrix
corresponding to the structure of the phylogeny. This approach can examine whether any of
the potential explanatory variables has a significant effect on the response variable, while
controlling for the phylogenetic signal. In terms of controlling for phylogeny, using a
phylogenetic regression or including the phylogeny as a random effect within a mixed model
are largely analogous. Which method is most appropriate will depend on factors such as the
type and distribution of the data and the number of variables of interest, and it is often useful

to analyse the data multiple ways to confirm that results are robust.
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There are many methods to run phylogenetic regressions and mixed models. Classic
phylogenetic regressions can be run in R packages such as ‘phylolm’ and ‘ape’. More recently,
Bayesian approaches have become popular, using R packages such as ‘MCMCglmm’ and
‘brms’, and the computer package ‘BayesTraits’ (Table 1)*%¢32, These different approaches
all share the same underlying rationale: to account for phylogeny within statistical analyses.
Which approach to use depends on the research question and the nature of the data*?. In
addition, as with any regression, the impact of any deviation from homogeneous variance

should be considered>>.

[H2] Rapidly evolving traits

The problem of species non-independence still arises when examining evolutionary
labile traits that evolve very fast or are the product of very recent events. For example,
mutation—selection balance, polymorphism at highly variable alleles, or the recent acquisition
of genes by horizontal gene transfer. A total lack of phylogenetic signal is at one end of a
spectrum and not a reason not to avoid phylogenetic comparative methods**>#-¢ Even if a
response variable shows low (or no) phylogenetic signal, an explanatory variable, known or
unknown, could still be correlated with phylogeny. Phylogenetic comparative analyses provide
a method to control for spurious results that could arise due to even unknown variables. It is
rare that one can be sure that all biologically important variables are being considered, or that
the unknown unknown variables are completely independent with respect to phylogeny.
Bergeron et al. analysed how the fast-evolving trait of germline mutation rate varied across
vertebrate species, while controlling for phylogenetic non-independence’”. The key point here
is that controlling for phylogeny is not simply controlling for phylogenetic signal or inertia
(constraint) — it is about the philosophy of hypothesis testing and whether data points are
independent.

Closely related species share many features of their ecology and life history.
Consequently, there is an almost unlimited number of unknown ‘third’ variables which might
influence the trait of interest?®. For example, closely related species could show similar
mutation—selection balance or genetic variation at certain loci because of selection imposed by
a similar feature of their ecology or some other trait>*-°. It is unrealistic to assume that every
possible confounding factor can be identified and controlled for, but phylogenetic methods
offer a way to control for unknowns. Similar problems, and a need for phylogenetic methods,
arise when using data from other omic methods, such as transcriptomics, metagenomics or

metabolomics®! ¢4,
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[H1] Control for genomes and genes in a phylogenetic context

Analysing genes or genomes as if they were independent data points can be equivalent to
having more technical (pseudo) replicates in an experiment, but then treating each as if they
were a truly independent sample (biological replicate)??. For example, if examining whether a
gene’s GC content is correlated with its length, we could analyse all 41 million genes across
all 1,800 eukaryote genomes in the RefSeq database. However, multiple genomes from the
same species are not independent — in the extreme, they may even have arisen via duplication.
In addition, the number of genes per genome varies from 465 to 155,000 genes, which means
that considering each gene as an independent data point would bias the data towards species
with larger genomes.

This problem is made worse because genomic databases are biased towards taxonomic
groups that have been sequenced more frequently?’2° (Fig. 2). For example, of 28,504
complete bacterial genomes in both the RefSeq and Genome Taxonomy Databases, 26%
(7,376) are from 0.1% of species (Supplementary Table 1). By contrast, 73% of bacterial
species have only one representative genome in the databases. Across all genomes in the newly
curated AllTheBacteria database, the 10 most sequenced species make up 77% of the 1.9
million genomes®. More broadly, there is also a bias towards bacterial genomes relative to
eukaryotes®. If all genomes were used as independent data points, this would increase the bias
towards species that have been sequenced the most.

As with non-independence due to the phylogenetic history of species, non-
independence of genes and genomes should be controlled for in statistical analyses to avoid
incorrect conclusions. One possibility is to retain all the data in a mixed model — individual
genomes could be included as data points, with species’ phylogeny and also species’ sample
size as random effects?>234%-65-67 Where possible and required for the question being asked,
non-independence within the genome due to duplication should also be controlled for, such as
by grouping genes into homologous groups.

Another simple solution is to calculate average values for all genes in a genome and/or

22.26.65.68 This would control

all genomes in a species before controlling for species phylogeny
for genome and/or species-level phylogenetic non-independence without the additional
confounding effect of sample size differences. Data could be weighted according to the number
of genomes per species, because the average for species with more samples would have a lower

error variance®. The ‘average value’ for a species could alternatively be some other statistic
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calculated from the genomes of that species, such as a correlation coefficient or an effect

6567 For our GC content and gene length example given above, one could calculate a

size
correlation coefficient between GC content and gene length for each genome or species.

In terms of sampling bias, phylogenetic methods will control for when taxa are
overrepresented, so that better sampled taxa will not have a disproportionately large influence
on analyses. It is, however, only possible to control for biases in representation of taxa currently
present in a dataset. If taxa are missing, then their underrepresentation cannot of course be
accounted for. Current and future efforts to sequence more taxa will be incredibly useful to

tackle broad across-species questions®#70-74,

[H1] Testing causal hypotheses

Comparative genomic analyses usually test for correlations between traits. For example, recent
genomic studies have examined correlations between factors such as pathogenicity and genome
size, GC content and growth temperature, or the presence of certain genes and ecology?”-577>-
83, However, these results are open to multiple causal explanations. For example, a correlation
between pathogenicity and smaller genome size could arise because pathogenicity favours the
evolution of a reduced genome size or because a smaller genome size facilitates the evolution
of pathogenicity.

More recently developed methods allow analyses to go further and test competing
causal hypotheses*>4. One approach is to use the characteristics present in extant species,
together with a phylogeny, to reconstruct the characteristics of their ancestors (‘ancestral
states’). These ancestral states can be used to examine whether the evolution of certain
characteristics is correlated. For example, do two characteristics tend to vary together along
the branches of the phylogeny? If yes, this could be because they are both independently
correlated with phylogenetic history or another third trait, or at least one characteristic directly
influences the evolution of the other. To distinguish which scenario is more likely, we could
test whether an ancestral change in one trait consistently leads to the same change in the other
trait, which would suggest the co-evolution is due to a causal link*>4351:85-87 (Fig, 3).

What if there are more than two traits we are interested in? For example, there could be
multiple traits that are correlated with one another. In this case, causal inference methods such
as phylogenetic path analysis could be used to test causal hypotheses®*384°, These methods are
based on the fact that if correlation is not due to random chance, correlation must instead be

due to some underlying causal relationship(s), and we can use information from correlations to
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examine which relationship(s) is most likely3*®. A general point here is that correlational
results from observational data do not prove causation, but correlations can be used within
comparative analyses to test causal hypotheses and examine evidence for causality*>.
Recent studies have provided examples of the insights that can be made with this
approach. For example, species of snapping shrimp that are more social tend to have larger
genomes with more transposable elements; a phylogenetic path analysis and ancestral state
reconstruction supported the hypothesis that the acquisition of more transposable elements
leads to both larger genome size and higher rates of sociality®®. As another example, bacterial
species with more fluid pangenomes have both more variable lifestyles and larger effective
population sizes; a phylogenetic path analysis supported the hypothesis that this was due to
lifestyle traits together influencing gene gain and loss, and that effective population size did

not have a casual influence on pangenome fluidity?*. There are numerous other possible

applications for this approach.

[H1] Common questions

Several questions commonly arise about when and how to control for phylogeny in across-

species comparative studies.

[H2] Do we always need to control for phylogeny?

“Phylogenies are fundamental to comparative biology; there is no doing it without taking them
into account.”!® There is no simple and robust alternative to controlling for phylogeny, and
consequently, the best effort possible must be made to take phylogeny into account, to be able
to detect real effects and avoid false positives. There are almost always approaches which can
reduce, even if not completely remove, the risk of incorrect conclusions.

If there is uncertainty in the phylogeny, one solution is to include multiple trees with
alternative structures in the analysis, to estimate the effect of phylogenetic uncertainty on any
result (that is, to determine for how many alternative structures the results are robust)’!.
Another solution is to use datasets with a narrower range of genomes, so that phylogenetic
relationships can be reconstructed. For example, Frigols et al. focused on a particular group of
viruses, phages that infect staphylococcal bacteria, to reconstruct and control for phylogenetic
relationships®?. Different methods can also be used depending upon the information
available3%669394 Murray ef al. examined how genome size correlated with pathogenicity in

bacteria by comparing ‘phylogenetically independent’ pairs of pathogenic and non-pathogenic
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species within the same genera®’. Similarly different methods can be used to investigate or
account for factors such as different modes of evolution or changing evolutionary rates® 7.

New methods are required to examine phylogenetic relationships in cases where
generating a meaningful phylogeny is hard or impossible, such as fast-evolving mobile genetic
elements and viruses. For such cases, current approaches include using the phylogeny of the
host genome, controlling for similarity using conserved regions such as plasmid relaxases, or
similarity scores from network analyses?>?36%77:98-100  There are pros and cons of these
approaches. The phylogeny of the host genome can be useful for broad, across-species phyla
datasets, where host range often acts as a meaningful barrier, but not between more closely
related species. The extent to which similarity scores correspond to evolutionary history
remains an open question. Results based on such methods will be tentative, and it can be useful
to try different methods to test the robustness of conclusions. The usefulness of controlling for
phylogenetic non-independence will also be dependent on the accuracy of the phylogeny,
emphasising the advantage of new data and methods which allow more reliable phylogenies!?!.

The problem of non-independence is not solved by alternative methods such as
grouping data by a higher taxonomic rank (for example, genera or family), or by sampling the
same number of genomes from taxonomic groups to minimize oversampling
(‘downsampling”)!%%1%3_ Grouping by an arbitrary taxonomic rank does not remove the problem
of non-independence between the ranks!®1%, Uniform sampling of genomes reduces bias in
the dataset towards more sequenced species, but has no effect on the phylogenetic non-
independence between those species. A related issue arises with methods that use a phylogeny
to extract data from genomes such as orthologous or co-occurring genes®>!9-197, Although a
phylogeny has been used during the collection of such data, it is still important to control for
any phylogenetic non-independence when analysing those data across genes, genomes and
species®.

What about methods used in the fields of phylogenomics and evolutionary genomics?
Researchers in these fields are developing tools to extract data from genomes such as
orthologous or co-occuring genes, and to do this explicitly use a phylogeny?®?:93:105.106,108-110,
However, just because a phylogeny has been used during the collection of any data, it is still
important to control for any phylogenetic non-independence when analysing that data across
genes, genomes and species®>!H112,

A possible exception arises for certain types of purely descriptive questions. For

example, does the GC content of sequenced species vary between two orders of insects, such

as Hymenoptera and Coleoptera!!*? While there is no evolutionary power to explain this
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variation (n=2 groups), one can still ask whether they differ. However, even with this kind of
question, it could still be useful to determine an evolutionary average, which accounted for
sampling across the phylogeny!!3. Furthermore, controlling for phylogeny would be required
for other questions, such as does GC content correlate with chromosome size, or how can we
explain variation in GC content!!3? Wording is key, to make clear what kind of question is

being asked.

[H2] Does controlling for phylogeny reduce statistical power?

Statistical power refers to how well a dataset can detect real effects (that is, avoiding Type I
errors or ‘false negatives’). Controlling for confounding variables such as phylogeny does not
reduce statistical power, because such variables should be accounted for before making any
estimates of power!®!!4115 Instead, controlling for phylogeny can reduce the chance of
detecting a significant result that is not real (Type II error or ‘false positive’)!®42, For example,
when a result that is driven by a phylogenetically correlated confounding factor, or a bias in
genome sampling (Fig. 1). The general point here is that prioritizing the ability to produce
significant results ahead of controlling for potential confounding variables can lead to incorrect
conclusions not actually supported by the data. Statistical power is based upon the ability to
detect real effects, not just significant effects. Phylogenetic analyses could also make it more

likely to detect a real effect, by controlling for a confounding variable.

[H2] Is collecting more data a solution?

More data is always preferable, but not all data are equal. Collecting many more data points
from the same phylogenetic cluster could increase any bias due to phylogenetic non-
independence (Fig. 1)!6:1820, If phylogeny is not controlled for, then increasing the number of
data points in this way could make obtaining an spurious result more likely.

There can be trade-offs between data quantity and quality. It is important to sample
across taxonomic breadth, especially where there have been changes (transitions) in key
variables. Other possible factors to consider are the number of genomes per species, the quality
of the genomes (for example, compare the large-scale database GenBank with the smaller, but
higher-quality database RefSeq), the methods or tools used to assign gene function, or the

assignment of species to a certain environment or lifestyle®-82.105.106.116.117

. Applying higher
thresholds towards any of these factors can lead to smaller but higher-quality datasets. The

relative costs and benefits of different methods can depend upon the question being asked. For



300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329
330
331
332
333

example, population genetic analyses have found it easier to detect signatures of selection in

smaller but higher-quality data sets!!7-!18,

[H2] Does statistical significance reflect biological importance?

Statistical significance does not necessarily reflect biological importance. Usually, the level of
significance (the size of a P-value) will depend on the size of the effect and the number of data
points, tested against a null hypothesis of exactly zero difference, or exactly zero correlation!!®-
121 Hence, in the extreme, very large datasets will almost always produce significant P-values,
even if the estimated effect size is relatively small'?? (Fig. 4). Two groups are unlikely to ever
have identical means, and a correlation of a finite number of data points is unlikely to ever be
exactly zero. This can be a real problem for comparative genomic analyses, where datasets can
be massive, made up of thousands of individual genes, replicons or genomes.

Consequently, it is crucial to consider the size of an effect, not just its significance!?2.
Is an effect large enough to be biologically meaningful? One approach would be to examine
the percentage of variance explained (R?). For example, do the explanatory variables explain
at least 5-10% of variance in the response variable?!?* The maximum possible variance that
could be explained will depend on the extent of measurement error®. To consider a specific
case, in Fig. 4, even for the very small P-value of P=1x10", datasets of ~350 data points or
more will produce significant results when the R? value of the effect is less than 5%. At
n=10,000, a relationship explaining only 0.027% of the variance would be significant to
P<0.05. A result can be statistically significant even when it is unlikely to be biologically
important.

It can also be helpful to compare the size of an effect to those typically found in a
research field. What is the average % explained? What % is explained by a successful study?
Considering the fields of ecology and evolutionary biology, the average % of variance
explained in an analysis is 3.6%'%. Particularly successful areas, such as the evolution of sex
ratios and cooperation, have produced comparative studies that can explain 20-40% of the

variation in data across species!?#!125,

[H2] What can we conclude if there is little or no variation in an explanatory variable?

The usual purpose of a comparative study is to explain variation that has been observed in
nature. If there is a characteristic or trait that exhibits variation, but the cause of this variation
has yet to be explained, one can use comparative analyses to examine what might explain that

variation.

10
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Imagine a scenario where a response variable (Y) showed considerable variation across
species, but one of the possible explanatory variables (X) did not vary appreciably across
species (Supplementary Fig. 2a). Does this mean that the possible role of the explanatory
variable X cannot be tested? On the one hand, if we were interested in understanding the
consequences of variation in X, then this dataset would not allow us to test this, because X does
not vary. On the other hand, if we were interested in what explains variation in Y, it is clear
that variation in Y is not explained by variation in X. This doesn’t mean that X has no influence
on Y, but rather that variation in X is not important for explaining the variation in Y that has
been observed in nature. A lack of variation in a potential explanatory variable (X), while the
response variable (Y) does vary, is an important result, not a failing of the dataset?*.

In this case, the next step would be to look for other explanatory variables that could
explain the variation in Y (Z etc.) (Supplementary Fig. 2b). Returning to the issue of data
quality versus quantity, this also emphasises the benefit of trying to capture as much of the

observed variation in nature as possible (for both response and explanatory variables).

[H1] Conclusions

Comparative analyses in the genomic age have the potential to answer broad and fundamental
questions at the intersection of genetics and evolution. The explosion of genomic data during
the first quarter of the 21% century calls for a rapid adoption of appropriate approaches and
methods, or else risks an accumulation of spurious results and conclusions.

Methods are still being developed and debated for certain types of question, and there
are cases where the lack of a good phylogeny will pose a problem!'2. In cases where
complications arise it can be extremely useful to analyse the data with multiple methods to test
the robustness of conclusions®*!2°, Nonetheless, there are many situations where relatively
standard and accepted methods can be used. And testing different ways of controlling for
phylogeny is better than not controlling for phylogeny (Box 1). It is also worth looking back
historically — while there was initially resistance and misunderstanding about the application
of phylogenetic methods to study adaptation at the organismal level, there is now no doubt that
they have revolutionized the field?%-3442.127.128

Finally, although comparative genomics can provide powerful insights, the success of
comparative genomics relies on experiments and observations, both to generate hypotheses and
data. Insights from comparative analyses can reveal broad patterns which can then explicitly

be tested experimentally. If comparative analyses can increase the chance of choosing the

11
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correct target for laboratory work, then this could provide an efficiency benefit by preventing
wasted experimental work. Vice versa, experimental insights can generate hypotheses which
can then be examined in comparative analyses across species to look for generality. Both
approaches have different pros and cons, and the greatest insights can often be made by their

combination3*.
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regression as an additional Can be generalised for response
(phylogenetic least | term. variables such as count data.
squares, PGLS) Use phylogenetic logistic
regression for binominal or binary
response variables.*’
Estimating phylogenetic signal.
Continuous or discrete data.
Phylogenetic mixed | Includes For multiple explanatory traits of R packages
mode]4%-52:86:130.131 phylogenetic interest. ‘MCMCglmm’,
similarity as a Bayesian and frequentist options. ‘brms’, ‘phyr’.
random effect within | Continuous or discrete data. Computer package
a mixed model. ‘BayesTraits’.

Independent

contrasts!®37

Tests correlation
between traits across
pairs of closely
related species.
Equivalent to
phylogenetic

regression.

When phylogeny uncertain or
dataset includes many closely
related pairs of species with
different trait values. Largely
equivalent to phylogenetic
regression. '

Continuous or discrete data.

R packages ‘ape’,

‘caper’, ‘castor’.

Ancestral state

reconstruction*>* 183~

87,132

Uses trait values of
extant species to
reconstruct likely
trait values of

ancestors.

To examine how many times a trait
has evolved, and compare the
ancestral states of multiple traits to
examine evidence for correlated
evolution.

Continuous or discrete data.

R packages
‘corHMM’,
‘MCMCglmm’ (as
described in’"133).
Computer package

‘BayesTraits’.

Correlated evolution

Tests if two traits are

When both traits are binary, or

R packages ‘ape’,

models?3-3%31:85 correlated with one | when continuous traits can be ‘phytools’.
another more than expressed as binary (i.e. ‘high’ and | Computer package
expected due to ‘low’). ‘BayesTraits’,
phylogenetic history. | Often includes ‘transition rate’ ‘RevBayes’.
analysis, to examine how evolution
occurs between states.
Discrete data.
Phylogenetic path Compares support Use if three or more variables/traits | R package
analysis®*88-89 for different causal of interest, and goal is to test ‘phylopath’.

hypotheses, while
taking phylogeny

into account.

between different causal
hypotheses.

Continuous or discrete data.
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719  Figure 1. Species are not independent data points. A.i. There seems to be a strong positive
720  correlation between X and Y, where each dot is a species (n=16 species). ii. In an extreme
721  scenario those species are from two separate, monophyletic lineages represented by green and

722 pink dots. When mapped onto the original scatterplot, the two lineages form largely separate
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clusters. Within each of those clusters, there is no relationship between X and Y. The original
correlation was just an artefact of the mean values of X and Y in the pink lineage being larger
than the green lineage. Inspired by Figures 5-7 in Felsenstein, 1985'%, B. A simple hypothetical
genomic example. Each tip is a bacterial species; red and blue cells correspond to pathogenic
and non-pathogenic species, respectively, and species which carry foxA4 are indicated by cells
with the gene present. Using the species at the tips of the tree as independent data points, we
might spuriously conclude that foxA facilitates the evolution of pathogenicity: 85% of
pathogenic species carry toxA (6/7 species), compared to only 25% of non-pathogenic species
(1/4 species) (Chi-squared=4.05, p<0.05). However, this significant correlation is an artefact
of shared evolutionary history. Pathogenicity only evolved twice in the phylogeny: once in a
lineage with foxA4 and once in a lineage without foxA4. Rather than independent data points, the
cluster of pathogenic, foxA carrying species are analogous to technical pseudoreplicates in an

empirical study.

Enterobacterales

Burkholderiales — i "u\"\:y Genomes
10
2000
4000

6000

". ’

8000

Figure 2. Phylogenetic bias of genome sequencing. Order level visualisation of the GTDB
bacterial phylogeny (v.214)'34; the size of dots corresponds to the number of complete bacterial
genomes represented in both the RefSeq and the GTDB database from each taxonomic order.

Labels correspond to the five orders with the most genome sequences.
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Non-pathogen

% Pathogens
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Figure 3. Testing causal hypotheses. A. Imagine that bacterial species which carried the gene
toxB were more likely to be pathogens. Can we test if causality is in that direction, with toxB
favouring the transition to pathogenicity? B. Yes, we can use transition rate methods?342>1:83,
For the two binary traits pathogenicity and toxB presence, there are four possible states, each
represented by a cell. The quantity of evolutionary transitions between these states across the
phylogeny is indicated by arrows: larger arrows correspond to evolutionary changes which
occur more frequently. We can see that almost all transitions to pathogenicity (blue = red)
occur when the species already has the foxB gene. Most often, non-pathogens first acquire the

toxB gene, and then evolve pathogenicity, suggesting that foxB does help pathogenicity to

evolve.
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p value:

0.00001
= 0.0001

0.001
== (.01
== (0.05

Effect size (R2 )
0.11

<5% variance explained

0 100 200 300 400 500 600

Number of data points
Figure 4. Statistical significance and biological importance.
The effect size (R?; proportion of variance explained) required to produce a statistically
significant result decreases with the number of data points (sample size). For an unpaired t-
test, the x-axis is the number of data points in each of the two groups compared within the t-
test (N;=N>=N) and the y-axis is the minimum R? value which could be significant to one of
five p-values for a given N. The lines show the numerical relationship between the axes for
each of five p-values, which are all considered statistically significant. The area corresponding
to <5% of the variance explained is shaded in grey (R?<0.05). Larger datasets can detect
smaller effects, but very large datasets will assign almost all effects as significant, even when

they explain far less than 5% of the variance.
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Box 1. Case studies

Controlling for phylogenetic non-independence has led to different conclusions from the same
or very similar datasets. In this box, we showcase three recent studies. Another example is
provided by two studies which used the same multi-species dataset but found opposite results
when testing whether gene connectivity differed for genes on plasmids compared to on

chromosomes®:13,

[bH1] Plasmids and cooperation

The growth of many bacteria depends on the secretion of molecules that provide a benefit to
the local group of cells, a form of cooperation (public goods)!*¢. It had been hypothesised that
genes for cooperation would be favoured if they could be horizontally transferred on mobile
elements such as plasmids to non-cooperating cells!*”-!38, Consistent with this hypothesis, two
comparative studies found that genes for public goods were more likely to be carried on

plasmids’>:192

. One study compared the proportion of genes for secreted proteins on
chromosomes and plasmids from 5,397 genomes, and the other study examined the proportion
of genes for secreted proteins in plasmid compared to chromosomal genes in the pangenomes
of 24 single or multi-species ‘clades’ of bacteria’!%? (Fig. 4A.i.). These supplementary
analyses assumed that species, genes and genomes represented independent data points.
Inspired by these previous analyses, two recent studies carried out a phylogeny-based analysis
across 51 and 146 species, respectively, which found that genes for the production of public
goods were not more likely to be on plasmids?>%’. Controlling for phylogeny changed the
results from significant to non-significant, with the number of genomes per species and
phylogeny able to explain 46% and 34% of the variation in the data, respectively. The
significant results in the first two studies seem to be an artefact of these particular analyses
being biased towards the most commonly sampled species?’. Consequently, even when
analysing similar datasets, the results depend on whether the number and non-independence of
genomes is controlled for. Of note, recent theory has supported the conclusions of the
phylogeny-based analyses, by predicting that cooperation is not appreciably favoured by

horizontal gene transfer!*°.

[bH1] Constraints on carbon-fixing enzymes

During photosynthesis, the enzyme rubisco catalyses the fixation of atmospheric carbon

dioxide into glucose. Although rubisco is the most abundant enzyme on earth, it is surprisingly
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inefficient as a catalyst as it also catalyses a wasteful oxygenation reaction alongside the
desired carboxylation reaction?-214%141 "One hypothesis for its inefficiency is that inherent
catalytic trade-offs force the oxygenase and carboxylase functions of rubisco to be tightly
linked!4-142, Early quantitative support for this hypothesis came from a study which looked at
rubisco kinetic traits across 27 species and found evidence for a strong trade-off between CO>
specificity and carboxylation turnover, suggesting that the more selective an enzyme is for
carbon over oxygen, the slower it is at catalysing the carbon fixation reaction!*’. A later study
examined the same question, with a much larger dataset across 304 diverse species and found
further support for the trade-off hypothesis, with a strong, highly significant negative
correlation between CO» specificity and carboxylase turnover!*!,

However, a re-analysis of the larger dataset using phylogenetic comparative methods
reduced the strength of the significant negative correlation between CO: specificity and
carboxylation turnover from 37.4% to just 2.2% variance explained — much less than
previously thought, and much less than phylogeny, which explained 56.1% of the variation
across all kinetic traits?®. Additionally, many proposed trade-offs between other kinetic traits
that had support from previous studies disappeared when phylogeny was accounted for?®. The
authors concluded that the kinetic traits have evolved largely independently of one another,
meaning adaptation of rubisco has only been weakly constrained by catalytic trade-offs?>-2,
This case study provides a clear example of how more data will not alleviate the problem that

species cannot be considered as independent data points.

[bH1] Gene expression in orthologs and paralogs
The ‘ortholog conjecture’ states that genes which diverged via a speciation event (orthologs)
should remain more similar compared to genes which diverged via a duplication event

)143

(paralogs)'*. In support of this, one study found that the tissue specificity of ortholog gene

expression was more similar than for paralogs across several datasets!'#,

However, another study re-analysed this data, examining gene expression data from six organs
across eight animal species, using phylogenetic comparative methods!*. This second study
found that, when controlling for evolutionary history and the time since genes diverged, there
was no difference between the similarity of genes which had diverged by speciation compared
to duplication'®. Instead, differences or similarities in gene expression were better explained
by phylogenetic distance (i.e. how long since the genes had diverged), rather than whether they

had diverged via speciation or duplication'*.
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