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Abstract
Ancestral sequence reconstruction (ASR) has become widely used to analyze the properties of ancient
biomolecules and to elucidate the mechanisms of molecular evolution. By recapitulating the structural,
mechanistic, and functional changes of proteins during their evolution, ASR has been able to address
many fundamental and challenging evolutionary questions where more traditional methods have failed.
Despite the tangible successes of ASR, the accuracy of its reconstructions is currently unknown,
because it is generally impossible to compare resurrected proteins to the true ancient ancestors that are
now extinct. Which evolutionary models are the best for ASR? How accurate are the resulting
inferences? Here we answer these questions by applying cross-validation (CV) to sets of aligned extant
sequences.
To assess the adequacy of a chosen evolutionary model for predicting extant sequence data, our
column-wise CV method iteratively cross-validates each column in an alignment. Unlike other
phylogenetic model selection criteria, this method does not require bias correction and does not make
restrictive assumptions commonly violated by phylogenetic data. We find that column-wise CV
generally provides a more conservative criterion than the AIC by preferring less complex models.
To validate ASR methods, we also apply cross-validation to each sequence in an alignment by
reconstructing the extant sequences using ASR methodology, a method we term “extant sequence
reconstruction” (ESR). We can thus quantify the accuracy of ASR methodology by comparing ESR
reconstructions to the corresponding true sequences. We find that a common measure of the quality of
a reconstructed sequence, the average probability of the sequence, is indeed a good estimate of the
fraction of the sequence that is correct when the evolutionary model is accurate or overparameterized.
However, the average probability is a poor measure for comparing reconstructions, because more
accurate phylogenetic models typically result in reconstructions with lower average probabilities. In
contrast, the entropy of the reconstructed distribution is a reliable indicator of the quality of a
reconstruction, as the entropy provides an accurate estimate of the log-probability of the true sequence.
Both column-wise CV and ESR are useful methods to validate evolutionary models used for ASR and
can be applied in practice to any phylogenetic analysis of real biological sequences.
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Introduction
Ancestral sequence reconstruction (ASR) is a phylogenetic method for inferring ancestral biological
sequences from known extant sequences.1 A common application of ASR is ancestral protein
resurrection (APR), in which reconstructed proteins are expressed in the lab and used to study the
evolution of function and structure over time. Notable successes of APR include, elucidation of the
evolution of non-enzymatic proteins to enzymes, the fixation of oligomeric interfaces, the emergence
of novel protein functions, and the evolution of stability in response to environmental temperature.2-7
Despite these successes, there are many long-standing questions regarding the accuracy of APR and by
extension conclusions drawn using this methodology.
Questions regarding APR stem from the fact that the most widely used ASR methods employ modelbased probabilistic inference, such as maximum likelihood (ML) or Bayesian methodology, to predict
a distribution of states for an ancestor represented by an internal node in a phylogeny. The number of
plausible ancestral states is often astronomically high, and it is generally impossible to study them
exhaustively. In practice, this problem is greatly simplified by resurrecting only the single most
probable (SMP) ancestral sequence as a proxy for what may have occurred in the past.8-11 One
proposed justification for using the SMP sequence is that it is expected to have the fewest errors
relative to the true sequence, but this hypothesis has yet to be verified using real biological sequences.
Although it is intuitively reasonable to focus on the SMP sequence, the amino acid (or nucleotide)
composition of the SMP is known to be systematically biased, which can lead to biases in downstream
experimental structure-function studies.12, 13
Accurate ancestral reconstructions rely on accurate phylogenetic models. The most common model in
molecular evolution, which we will call the “standard model”, is a time-reversible Markov model of
residue substitution that assumes independent sites, rate variation among sites, a global equilibrium
frequency distribution, and is homogeneous across sites and throughout the phylogeny.14 Many other
more biologically realistic evolutionary models have been proposed that relax various combinations of
these model assumptions. Despite this rich theoretical framework, we presently have very limited
methods for assessing the adequacy of the evolutionary models used for ASR.
The explanatory power of different probabilistic phylogenetic models has been compared using
standard model selection methods, such as the AIC, BIC, DIC, Bayes factors, and likelihood ratio
tests.15-18 However, all of these measures of model adequacy are relative, have various weaknesses and
dubious assumptions, and it is not obvious how well competing models predict ancestral sequences.19
Preferably, we would like to know what factors in a model are most important for making accurate,
precise, and unbiased predictions of ancestral sequences and their biophysical properties. Experimental
and computational studies have sought to partly address these factors by sampling sequences from the
distribution of ancestral states or by resurrecting SMP sequences from multiple phylogenies.7, 20, 21
However, these methods do not address the key question of how model parameters affect the accuracy
of the predicted ancestral protein sequences.
The most direct method for validating ASR is to compare the reconstructed and resurrected ancestral
protein to the true ancestral protein. Such comparisons have been performed using proteins from
directed evolution and simulated data with known alignments and phylogenies, but it is unknown
whether the results generalize to real biological systems on a geological timescale or to unknown
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phylogenies with uncertain alignments.22, 23 Better phylogenetic models (perhaps as gauged by model
selection criteria) are reasonably expected to result in more accurate ASR sequences. In particular, it
may be expected that a better phylogenetic model should result in an SMP sequence with fewer errors.
These hypotheses are difficult to test explicitly because in phylogenetic practice we do not have the
true ancestral sequences to compare with our ASR predictions.
Here we propose and analyze methods for evaluating how well different models perform in ASR, with
the goals of validating and improving our existing phylogenetic models for ASR. The principle
underlying our methodology is conceptually simple and inspired by statistical cross-validation (CV)
techniques. CV methodology was first proposed by Lartillot (2007) to assess Bayesian models of
sequence evolution, but to our knowledge CV has not previously been applied to ASR.18, 24-26 Crossvalidation is a family of statistical methods used to estimate the predictive accuracy of a model, by
quantifying how well a model predicts new data that it was not trained on. In CV practice, the entire
observed dataset is partitioned into a training set and a test set. The model is trained on (fit to) the
training set but used to calculate the probability of the test set data. By repeatedly iterating the process
over all data points in the data set, one ultimately generates an unbiased probability for the entire data
set based on the proposed model. The logic of CV model selection is the following. If the model is a
good approximation of the true process that generated the data, the trained model should accurately
predict withheld test data; conversely, if the model is a poor approximation (i.e. the model contains too
few or too many parameters), it will fail to predict the test data well.
In the case of phylogenetics, the dataset to be partitioned is the extant biological sequence alignment.
For our ASR CV method, we set aside the true sequence of an extant modern protein as the test set and
then reconstruct its now “unknown” sequence, conditional on the remaining modern sequences in the
alignment (the training set) using standard ASR methodology. By methodically sweeping through all
sites of all modern proteins in an alignment, we can compare the extant sequence reconstructions with
the true sequences for an entire phylogeny. Since accurate prediction of ancestral sequences is arguably
the main goal of ASR, CV methodology is an ideal choice for ASR validation and model selection.
The key insight in this method is that the extant reconstructions of modern proteins are calculated in
the same way as ancestral reconstructions, using the same probabilistic methodology, phylogeny, and
evolutionary model. Hence, extant reconstructions should largely share the same accuracies,
limitations, biases, and statistical characteristics as ancestral reconstructions, with the important
difference that with an extant reconstruction we know the true sequence and thus can validate our
prediction by direct comparison with truth (fig. 1).
Using cross-validation methods, we quantify the accuracy of ASR reconstructions by comparison to
their corresponding true sequences. We find that a common measure of the quality of a reconstructed
SMP sequence, the average probability of the sequence, is indeed a good estimate of the fraction of the
sequence that is correct when the evolutionary model is accurate or overparameterized. However, we
also find that the average probability of the SMP reconstruction is a poor measure for comparing
different SMP reconstructions, because more accurate phylogenetic models typically result in SMP
reconstructions with lower average probabilities. Though this result may initially appear paradoxical,
we show that it is an expected feature of more realistic phylogenetic models that are not optimizing the
fraction of correct ancestral amino acids. Rather, our results show that a reliable indicator of the quality
of a reconstruction is the entropy of the ancestral distribution, as the reconstructed ancestral entropy
provides an accurate estimate of the log-probability of the true sequence. Our sequence-wise CV
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method, which we call Extant Sequence Reconstruction (ESR), is a useful method to validate ASR
evolutionary models and can be applied in practice to any phylogenetic analysis of real biological
sequences.
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Results
Dataset selection
We selected datasets from three protein families currently under investigation in our lab: (1) lactate
and malate dehydrogenases (L/MDHs), (2) Abl/Src -related tyrosine kinases, and (3) terpene
synthases. These datasets were chosen because of their varying levels of taxonomic distribution and
sequence divergence, and because they have unrelated topological folds presumably under different
selection pressures. The L/MDH alignment and Abl/Src alignment are limited in taxonomic
distribution, whereas the terpene synthases sequences are not (table 1). The L/MDH and Abl/Src
datasets all consist of enzymes with two or one functions respectively. Terpene synthases catalyze a
diverse array of chemical reactions and have high sequence diversity. Consequently, the terpene
synthase alignment has a much greater fraction of gaps in comparison to the L/MDH and Abl/Src
alignments.

Cross-validation is most appropriate for phylogenetics and ASR
ASR is fundamentally a problem of data prediction: based on the observed sequence data in an
alignment, we wish to predict the true ancestral sequence for a given internal node in a phylogeny
using a specific model of sequence evolution. It would thus be useful to know which evolutionary
model for our sequence data has the greatest predictive power. Model selection methods are designed
to select the best model for a given dataset. The most common model selection criteria used in
phylogenetics are the Akaike Information Criterion (AIC) (eqn. 10) and the Bayesian (or Schwarz)
Information Criterion (BIC) (eqn. 11). AIC is a maximum likelihood (ML) method that aims to find
the model that is best at predicting future data by estimating the Kullback-Leibler distance between the
proposed model and the true process that generated the data (a related “small sample” version of the
AIC, the AICc, is also frequently used). The BIC, in contrast, aims to select the model that is most
likely to be true given the observed sequence data.
Like the AIC, cross-validation (CV) is a model selection method that aims to find the best predictive
model and also estimates the Kullback-Leibler distance between model and truth. Under certain
restrictive conditions, CV and the AIC are asymptotically equivalent methods, but in general CV
makes substantially fewer assumptions than the AIC about both the model and the data. CV has several
theoretical and practical advantages over competing model selection criteria. In particular, unlike both
the AIC and the BIC, CV does not require: (1) counting independent data points and independent
parameters, both of which are ambiguous for aligned phylogenetic sequence data and complex
hierarchical models like those used in phylogenetics, (2) restrictive regularity assumptions (e.g.,
asymptotic normality, large samples, and true parameter values away from boundaries) typically
violated in phylogenetic analyses, and (3) that the model be close to the true model, which is unknown.
For these reasons we expect CV to be a more accurate and useful model selection criterion for
phylogenetics than the AIC, BIC, and similar criteria. Therefore, given the natural emphasis of ASR
on prediction and the advantages of CV, we sought to explore CV as a phylogenetic model selection
criterion.
When performing a CV analysis, there are many possible choices for partitioning the data into training
and test sets. For example, one can leave out a single data point (leave-one-out CV), multiple data
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points (k-fold CV), or blocks of multiple correlated data points (block CV). In phylogenetics, there is
ambiguity as to what constitutes a single data point, with plausible candidates being a single site in a
sequence, an entire sequence, or a whole column in an alignment.27 Each of these possibilities can be
“left out” as the test set to generate the training data, resulting in slightly different cross-validation
methods. Leaving out one entire modern sequence or one column from the alignment shares
characteristics of both leave-one-out CV and block CV. In this work we use maximum likelihood (ML)
methodology to analyze three versions of phylogenetic CV, each with its particular strengths and
interpretations for phylogenetics and ASR: (1) column-wise CV, (2) site-wise CV, and (3) sequencewise CV.

Column-wise CV provides a conservative phylogenetic model selection method
When conducting a CV analysis, ideally one partitions the data into training and test sets that are
statistically independent of each other. In phylogenetics, the most commonly used evolutionary
models assume that sites (i.e., columns) in a sequence alignment are independent, and thus alignment
columns are a natural choice for phylogenetic partitioning. Our column-wise CV method leaves one
column out of the training set at a time and iterates through all N columns in the full alignment as
shown in fig. 1 on the top right. Unlike other proposed phylogenetic CV procedures, this method does
not require a bias correction.18 While CV requires considerable computation, the computational effort
of column-wise CV is similar to or better than the ordinary bootstrap.
We performed column-wise CV on our three protein datasets to evaluate the predictive performance of
various competing models of evolution with increasing complexity (fig. 2). For comparison, we also
calculated the AIC and BIC for each competing model. As expected, models of increasing complexity
(e.g., increasing number of parameters) resulted in higher raw maximum log-likelihood (LnL) scores,
with the Poisson model having the lowest LnL and GTR20 with the highest. The AIC, BIC, and
column-wise CV give scores that roughly track the LnL, yet are slightly lower due to their complexity
penalties. In every case, the AIC value is higher than the corresponding column-wise CV value,
indicating that the AIC may underestimate the complexity penalty (i.e., the effective number of
parameters in a model).
For the L/MDH dataset, the AIC chose the GTR+FO+G12 evolutionary model and the BIC chose
LG+FO+G12 as the best evolutionary models. Column-wise CV also selects LG+FO+G12 as the best
model by a large margin (~62 logs). Similarly, in the kinase dataset, the AIC selects GTR20+FO+G12,
the most complex model, whereas the BIC and CV both select LG+FO+G12. The values for each
model are summarized in supplementary table 1. This suggests that column-wise CV is less permissive
of phylogenetic model complexity than the AIC and BIC and that the AIC in particular selects models
that overfit the data. Hereafter, we refer to an evolutionary model preferred by the column-wise CV
criterion as a “better” or the “best” model.

Site-wise CV produces a probability distribution for an extant sequence
reconstruction (ESR)
In the following, we first recount standard ASR methodology and then extend it to the reconstruction
of modern sequences using site-wise CV. The ancestral sequence probability distribution for a given
internal node, hereafter referred to as the ancestral distribution or simply the “reconstruction”, is an
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inferred amino acid distribution for every site in an ancestral sequence conditional on a given
phylogeny, model of evolution, and corresponding ML model parameters. The ancestral probability
distribution reflects our confidence in the presence of each amino acid at every site.
Consider the simple tree on the left-hand side of figure 1, which shows the phylogenetic relationships
among three modern, observed sequences (A, B, and C) and an unobserved, ancestral sequence D.
Since we assume site-independence, when calculating probabilities of the sequence data we can
consider one site at a time. If, hypothetically, we knew the true ancestral amino acid at a site for
sequence D, the phylogenetic joint probability of the observed amino acids at that site in the four
sequences in the tree would be:
𝑝(𝐴, 𝐵, 𝐶, 𝐷) = 𝑝(𝐷|𝐴, 𝐵, 𝐶) 𝑝(𝐴, 𝐵, 𝐶)

(1)

where 𝑝(𝐷|𝐴, 𝐵, 𝐶) is the probability of observing the amino acid for sequence D, conditional on the
observed amino acids in sequences A, B, and C. For clarity we omit the conditional dependencies on
the ML phylogeny and model parameters. The probabilities in equation (1) above can be calculated
using standard probabilistic models of sequence evolution. In general, we do not know the ancestral
states, but the joint probability of the observed amino acids (in sequences A, B, and C) can still be
calculated by integrating out the ancestral site in D (by summing over all possible amino acid states at
the ancestral site):
!"

𝑝(𝐴, 𝐵, 𝐶) = , 𝑝(𝐴, 𝐵, 𝐶, 𝐷 = 𝑘)

(2)

#

where k is one of the possible 20 amino acids. This is the usual form of the phylogenetic likelihood
function for observed sequence data that is maximized in a ML phylogenetic analysis. In conventional
ASR, Bayes rule provides the probability distribution for an ancestral site D using a model and ML
parameters that have never seen the true ancestral state:
𝑝(𝐷 = 𝑘|𝐴𝐵𝐶) =

𝑝(𝐴, 𝐵, 𝐶, 𝐷 = 𝑘)
.
𝑝(𝐴, 𝐵, 𝐶)

(3)

Equation 3 gives the probability that the ancestral state is amino acid k. This calculation can be made
for every amino acid to produce the full ancestral probability distribution at that site. By repeating the
calculation at every site, we construct the full ancestral probability distribution for the ancestral
sequence D.
Site-wise CV can likewise produce a reconstructed probability distribution for extant sequences found
at the terminal nodes of a tree. For site-wise CV, we need to produce the conditional probability
distribution of a modern site using a model and ML parameters that have never seen the true modern
amino acid at that site. For example, if we want to reconstruct the site for extant sequence A, we omit
that site from the alignment, and use that training alignment to find the ML estimates of the tree and

8

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.14.476414; this version posted January 16, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

model parameters. With those ML parameters, we then calculate the probabilities of different amino
acids at that extant site using the same method given in equations (2) and (3) above:
𝑝(𝐴 = 𝑘|𝐵𝐶) =

𝑝(𝐵, 𝐶, 𝐴 = 𝑘)
𝑝(𝐵, 𝐶)

!"

𝑝(𝐵, 𝐶) = , 𝑝(𝐵, 𝐶, A = 𝑘)

(4)

(5)

#

Like with an ancestral node, the calculation is made for every possible amino acid to generate the
reconstructed probability distribution for the extant site. This process is then repeated for every site in
an extant sequence to generate an “unbiased” reconstructed distribution for the entire modern sequence
A, in the sense that the probability at every site in the sequence was calculated without knowledge of
the true extant amino acid at that site. Thus, site-wise CV provides a probability distribution for an
unobserved sequence conditional on the observed sequences in the alignment, just like conventional
ASR.
It is important to note that the product of the conditional probabilities for a site in a sequence is not
equal to the likelihood of that site:
𝑝(𝐴, 𝐵, 𝐶) ≠ 𝑝(𝐴|𝐵, 𝐶) 𝑝(𝐵|𝐴, 𝐶) 𝑝(𝐶|𝐴, 𝐵) .

(6)

Like ASR, site-wise CV reconstructs a site from model parameters that have not seen the true state at
that site. One important methodological difference between ASR and site-wise CV is that ASR
reconstructs every site using the same model parameters, whereas site-wise CV reconstructs each site
using different model parameters. Because new ML model parameters are determined for each site,
site-wise CV quickly becomes computationally intensive for common large biological datasets. For
example, new ML model parameters must be inferred 19,377 times for site-wise CV of the kinase
dataset, our smallest dataset, and the terpene synthase dataset is over an order of magnitude larger.
Furthermore, to compare the reconstructions of different evolutionary models, this laborious process
would have to be repeated for each model and for each protein family. To speed up the computation
time, for all subsequent analyses we use a fast and accurate approximation to site-wise CV by using a
sequence-wise CV method that withholds one entire sequence at a time from the training set (see
Methods). Hereafter we refer to such a reconstruction of a modern sequence found at a terminal
phylogenetic node as Extant Sequence Reconstruction (ESR).
It is important to emphasize that the fundamental result of ASR and ESR is not a single reconstructed
sequence, but rather a distribution that assigns probabilities to all possible sequences of length N, the
length of the alignment. The extant reconstructed distribution provides all information possible from
our evolutionary model and sequence dataset to evaluate the plausibility of different sequences and
amino acids at the node of interest. There are two main types of descriptive statistics we can calculate
from the reconstructed probability distribution: (1) sequence-specific statistics, which apply only to a
single sequence, and (2) global reconstruction statistics, which describe an average or expected
quantity over all possible sequences. For example, from the reconstructed distribution we can quantify
9
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the probability of any specific sequence, sample sequences from the distribution, and generate the SMP
sequence. Based on the entire distribution, we can calculate the expected average probability and the
expected log-probability of the true sequence at the node. In the following we assess the utility of these
and other statistics and observe how they are affected by competing evolutionary models of increasing
complexity.

Reconstructed SMP probabilities accurately estimate the frequency of correct
residues
An important statistic that is commonly used to gauge the quality of an ancestral reconstruction is the
average probability of the amino acids in the single most probable (SMP) sequence. Experimentalists
typically choose the SMP sequence to resurrect in the lab, because the SMP sequence is thought to
have the fewest expected number of errors of all possible reconstructed ancestral sequences.20 Of
course, this will only be valid if the reconstruction probabilities for the SMP sequence are accurate,
which in turn depends on how well the evolutionary model actually describes the true biological
process that generated the sequence data. It has been claimed, for instance, that overly simple models
will give inaccurate reconstruction probabilities.28, 29 A misspecified model might pessimistically
under-estimate the reconstruction probabilities (if it is too simple and fails to capture relevant
biological features), or the model might over-optimistically produce reconstruction probabilities that
are systematically too high (perhaps if it is overfit).
Hence, an important open question in ASR is whether the amino acid probabilities in an ancestral
distribution accurately reflect our uncertainties in the character states. We can evaluate the accuracy of
reconstruction probabilities by considering the sites in an SMP sequence as a series of independent
Bernoulli trials. Each SMP amino acid selected has a probability of success. Reconstructed sites that
have, say, 80% probability should actually be correct 80% of the time, on average. The long-range
probability of success for the entire SMP sequence, the expected fraction of correct residues, is the
average probability of the SMP residues over all sites in the sequence. If the average amino acid
probability for an SMP sequence is 95% and our probabilities are accurate, then we should expect that
roughly 95% of the predicted amino acids in the SMP sequence are indeed correct when compared to
the true sequence, within counting error.
To test the accuracy of our predicted reconstruction probabilities, we reconstructed the extant SMP
sequence at each terminal node of a phylogenetic tree and calculated the average probability of the
SMP sequence. Because we know the true extant sequence at each terminal node, we compared the
SMP reconstruction to the true sequence to ascertain the fraction of correctly predicted amino acids.
As shown in figure 3a-c, the average probability of a reconstructed SMP sequence is an excellent
estimate of the actual fraction of correct SMP residues. For all protein families and for every model
evolution, from simplest to most complex, a plot of the average probability of the SMP reconstruction
versus fraction correct yields a line with slope very close to unity. The average probabilities of the
reconstructed extant sequences do not exhibit any apparent systematic bias, regardless of the model,
implying that reconstruction probabilities are remarkably robust to model misspecification.
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Reconstructed residue probabilities retain accuracy for sparse taxon sampling,
long branch lengths, and high uncertainties
Taxon sampling density is an important factor that influences the accuracy of phylogenetic analyses,
including ASR.30, 31 Trees with sparse taxon sampling generally have longer branch lengths and more
sequence diversity, which in turn decreases the certainty in ancestral state reconstructions due to less
sequence information. Similarly, the high accuracy of reconstruction probabilities that we observe
could hold for datasets with relatively high sequence identity, yet degrade for more diverse datasets.
For example, the L/MDH and kinase families have roughly 51% average sequence identity, and a
majority of their SMP reconstructions have greater than 50% average probability.
To assess the effect of taxon sampling on the accuracy of reconstruction probabilities, we repeated
ESR on our L/MDH dataset after progressively pruning terminal nodes with short branch lengths,
resulting in trees with increasingly longer branch lengths. The average fraction correct for SMP
reconstructions decreases as sequences are pruned from the tree, indicating the reconstruction
predictions get more uncertain as expected (fig. 3d). However, the linear relationship between fraction
correct and average posterior probability holds despite the bias of these pruned datasets toward longer
branch lengths (fig. 3e). Similarly, the terpene synthase dataset includes many SMP sequences below
50% average probability, which accurately predict the fraction correct as low as 17% (fig. 3c).
Despite the known systematic bias in using an SMP sequence it is still typically resurrected for
biochemical characterization. Selecting the SMP residue at each site is not the only way to generate an
ancestral sequence. The reconstructed distribution actually provides probabilities for all possible
sequences of length N. In addition to resurrecting SMP sequences, ancestral sequences are also
generated randomly from the reconstructed distribution in an unbiased fashion for biochemical
characterization. However, lower probability residues, like those that are not the SMP, may be more
sensitive to errors in their estimates. One question immediately follows: do non-SMP probabilities
accurately estimate their frequency of success?
To answer this question we chose three enzymes from our L/MDH dataset and sampled sequences
from their respective reconstructed distributions. We chose LDH_CRPA2, LDH_THOR, and
MDH_DETH because they spanned a wide range of average probabilities for their respective SMP
sequences. The average probabilities of the SMP sequences are 95%, 80%, and 65% respectively. We
used biased sampling to generate increasingly lower average probability sequences. Like with the SMP
sequences, a plot of the fraction correct in a sampled sequence against its average probability gives a
line of slope close to one (fig. 3f). The slopes hold from low average probability sequences (0.05) to
very high average probability sequences (0.95). When reconstructing a sequence it does not matter if
the selected residue is an SMP, because all probabilities accurately estimate the frequency correct.

SMP probabilities and naïve sequence accuracy generally decrease with better
models
Typically, one of the first steps in phylogenetic inference is model selection to find the best
evolutionary model for the sequence dataset under consideration. The AIC and column-wise CV both
aim to choose the model that is best at predicting unobserved data like ancestral sequences. Hence, we
hypothesized that better models, as judged by predictive model selection methods, should improve the
11
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accuracy of reconstructed distributions for unobserved data like ancestral sequences. For example, it is
reasonable to expect that SMP sequences constructed using better models should have higher overall
probability, higher average amino acid probabilities, and fewer amino acid errors with respect to the
true sequences.
The total LnL of a tree is the product of the conditional probabilities for each extant sequence in the
dataset. If our toy tree in fig. 1 is rooted arbitrarily on C then the probability of the tree is given by:
𝑝(𝐴, 𝐵, 𝐶) = 𝑝(𝐴|𝐵, 𝐶) 𝑝(𝐵|𝐶) 𝑝(𝐶) .

(7)

Equation 7 is the probability for each homologous site in the three proteins. The product of the
probability at each site must be taken to get the total probability of the tree and sequence. The product
of conditional probability for each site of sequence A, right-hand side of eqn. 7, is the calculation made
in our ESR method. The conditional probability of a sequence is a sequence-specific statistic
calculated from the probability distribution and tells us how likely any one sequence is. This statistic is
not inherently useful on its own, rather is a useful metric for the comparison of any two sequences.
Often, when comparing sequences those probabilities are incredibly small, so like with the LnL of a
tree, we report the total LnP of the SMP sequences. We see from eqn. 7 that the conditional probability
of A is proportional to the probability of the tree. A better model increased the probability of the tree,
so we expect the conditional probability of each SMP sequence as well.
Since the fraction of correct amino acids is well estimated by the average probability, we might also
expect the probability of an SMP sequence to increase with better models. In particular, we might
expect that the naïve Poisson should produce the least accurate SMP sequences, while the
LG+FO+G12 model should perform best. To test these hypotheses we ascertained how the SMP
probabilities of a reconstructed SMP sequence are affected by evolutionary models of increasing
complexity. Surprisingly, for all three protein families, we find that the total LnP of our SMP
sequences is anticorrelated with the tree log-likelihood and by extension model complexity (fig. 4a-c).
In addition, we see that on average the average SMP sequence probability generally decrease as model
complexity increases and the predictiveness of the model improves (fig. 4d-f). A lower average
probability should translate to fewer correct amino acids in the SMP reconstruction, and consequently
we see that the total number of correct amino acids also generally decreases with model complexity
(fig. 4g-i). The difference between the number of correct residues is relatively modest in comparison to
the greater than 35,000 total number of correct residues in the data. For perspective, our L/MDH
dataset has 18 more residues are correctly predicted by the Poisson+FQ model compared to the
LG+FO+G12 model or 1 additional correct residue per 7 sequences. The effect of adding additional
model parameters is not completely consistent across the protein families; for instance, adding amongsite rate variation (+G12) to the evolutionary model does increase the number of correct amino acids
for the kinase family. Nevertheless, the SMP reconstructions derived from worse evolutionary models,
as judged by complexity and predictive model selection, tend to have higher average probabilities and
more correct amino acids than reconstructions from better models.
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Better substitution matrices produce SMP sequences that are chemically and
biophysically more similar to the true sequences
The absolute number of correct amino acid residues is only one measure for the distance between two
sequences. Not all amino acid mistakes in a sequence are biologically equivalent. Some mistakes are
more detrimental to protein function than others, due to differences in the chemical properties of amino
acids or the strength of functional constraint at a given site. Thus, an SMP sequence with many benign
mistakes nevertheless may be chemically and biophysically closer (and hence functionally more
similar) to the true sequence than another sequence with only a few highly perturbing mistakes.
We therefore hypothesized that a phenomenological substitution matrix (like LG), which incorporates
realistic amino acid substitutions, should make fewer mistakes of high chemical detriment yet allow
more mistakes if they are relatively chemically similar compared to the Poisson substitution matrix.
To test this, we used the Grantham distance (Gd), a common pairwise metric for amino acid
dissimilarity that is a function of volume, hydrophobicity, and number of heteroatoms.32 A larger Gd
indicates that two amino acids are more chemical dissimilar. For each protein family we calculated the
total Gd per mistake between all SMP sequences and the true extant sequences (fig. 5a). We see that
the Gd per mistake indeed decreases substantially for all models that incorporate the LG substitution
matrix in place of the Poisson equal rates assumption. Thus, better evolutionary models with realistic
amino acid substitution processes may produce reconstructed SMP sequences that have lower average
probability and make more naïve mistakes, but these mistakes overall are less chemically damaging.

Rate variation reduces the number of conservative mistakes
The chemical similarity of a mistake, while important, does not capture the functional importance of a
residue at a site. For example, we have seen that mutating an Arg to a Lys in the active site of an
ancestral MDH results in an almost 100-fold reduction in activity, despite both residues retain being
capable of forming a salt-bridge with the substrate.3 Some sites in an alignment have a high degree of
conservation and imply functional constraint, whereas highly divergent could imply low functional
constraint. A mistake at a conserved site would be more likely to be deleterious to function than a
mistake at a divergent site.
Rate-variation accounts for differences in conservation among sites by scaling the branch lengths for a
given tree topology. A site with high degree of conservation will have a lower rate of mutation
compared to a more divergent site. Therefore, mutations will be less likely at highly conserved sites.
One measure of site conservation that is independent of phylogeny is entropy, which is a measure of
uncertainty in a discrete parameter or variable. A site in which many different residues are observed
will have a high entropy and a site in which a single residue is observed will have the lowest possible
entropy.
We expect that including among-site rate-variation will increase the number of mistakes at sites of
higher entropy and reduce the number of mistakes at sites with lower entropy. To test this hypothesis,
we recorded the entropy of unique mistakes made for the LG+FO and LG+FO+G12 models in a
histogram (fig. 5b). For each protein family the median entropy of mistakes increases, as well as the
skewness demonstrating a shift toward higher entropy when incorporating rate variation among sites.
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A model including rate-variation is making more mistakes at divergent sites and fewer mistakes at
conserved sites.

Better models improve true residue probabilities at cost to SMP residues
The SMP sequence is just one possible sequence out of the reconstructed distribution. The
reconstructed distribution contains information for constructing all other possible sequences of the
same length, with some being more plausible than others. To date there have been three examples of
generating plausible sequences as alternatives to the SMP sequence: an unbiased random sampling of a
residue at each site, a biased random sampling of a residue at each site, and selecting the second most
probable residue at a site when its probability is greater than 0.2 (e.g. the AltAll). The underlying
assumption of the latter two methods is that true residues should be overrepresented with higher
probabilities and underrepresented at low probabilities, with low probabilities arbitrarily defined as a
probability <0.2.
Selecting sequences to resurrect that are biased toward higher probabilities should maximize our
ability to capture a proportion of true residues that were not predicted with high probabilities. To see if
this is the case we plotted a histogram for the true residue probability at sites in which the SMP residue
is incorrect (fig. 5c). We find that most true residues at incorrect sites are biased toward low
probabilities regardless of evolutionary model for our L/MDH dataset, yet the probabilities of the true
residues clearly increase as the model becomes more complex. Given that we saw the opposite trend
for the total LnP of the SMP sequences, we also plotted a histogram of the corresponding SMP
residues as the inset of figure 5c. We see that the mean and skew of the SMP residue probability
distribution decreased as the complexity in the evolutionary model increased. Taken together, we see
that the true residue probability improves at the expense of the SMP residue probability at incorrect
sites.

Increasing model complexity improves the expected probability and chemical
similarity of reconstructed sequences
Selecting the SMP residue at each site is not the only way to generate a sequence from the
reconstructed distribution. Several experimental studies using ASR will also resurrect sequences
randomly sampled from the reconstructed distribution to compare the average sequence-statistic (e.g.
melting temperature) of the SMP sequence-specific statistic. The idea being the SMP sequence is
generated using a systematically biased method and may not be representative of all possible
reconstructions. Likewise, this may also be the case with respect to tracking the sequence-specific and
global reconstruction statistics in the previous two sections.
In vitro characterization of randomly sampled sequences is laborious and only a handful at a time are
studied. Luckily, we are not limited by the number of sequences we can resurrect. We could
reconstruct a large number of sequences and calculate their average sequence-statistic or global
reconstruction statistic like we did for the SMP sequences. However, an average is just an estimate of
an expected value. We choose to directly calculate the expected; LnP, number of correct sites, and Gd.
We can observe how each expected value changes as a function of evolutionary model, as we did with
the SMP sequence. Unlike with the SMP total sequence LnP, we see that the total sequence eLnP
actually improves with model complexity and generally tracks with column-wise CV (fig. 6a-c).
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Additionally, we see that the expected total number of correct sites improves for all three protein
families when among-site rate variation is added (fig. 6d-f). As with the Gd for the SMP sequences, we
see that changing the substitution matrix from Poisson to LG greatly improves the expected Gd (fig.
6g-i). The expected Gd also tends to monotonically decrease with increasing model complexity.

The expected LnP is an accurate estimate of the true sequence LnP
The LnP is a sequence-specific statistic that can be calculated for any sequence in a reconstructed
distribution, even the true sequence. Normally, in ASR, we would not know the what the LnP is for the
true sequence. If our evolutionary models are capturing true features of the evolutionary process, then
we could calculate an average LnP for a set of sampled sequences from the reconstructed distribution
to approximate the true sequence LnP. Average log-probabilities of a sequence are an approximation
of the expected log-probability for an extant distribution, so we calculated the eLnP using eqn. 6 and
compared them to the true sequence LnP for different protein families and models of evolution.
We see that the expected log-probability (eLnP) for a given sequence is an excellent estimate for the
true sequence LnP (Fig. 7a-c). Like the fraction correct vs. average probability, the slope for true
sequence LnP vs. eLnP is approximately 1 for all models of evolution and each protein family
(Supplementary table 2). This result means that, on average, the log-likelihood of a sequence randomly
generated from the posterior probability distribution is a good estimate of the true sequence loglikelihood. We can accurately estimate the LnP of the true sequence at a hidden node from the
reconstructed distribution, without knowing the true sequence.

Simulations show ancestral probabilities accurately estimate the frequency of
correct residues
Posterior probabilities for extant sequences in ESR are calculated in the same way as the ancestral
probabilities in ASR. However, the terminal nodes used in ESR differ in two potentially important
ways from the internal nodes that are the focus of conventional ASR. First, internal nodes are
connected to three other nodes by three branches, whereas a terminal node is connected directly to a
single internal node. All else equal, the probabilities at a terminal node are calculated using less
information than an ancestral node. Second, we know that an extant node must exist as it corresponds
to observed data, but an internal node and its connections are an inference. Hence, even the existence
of an internal node is uncertain, which is why our confidence in the internal nodes is typically
quantified by branch supports. Given these differences between terminal and internal nodes, it is
possible that the implications of ESR may not accurately reflect ASR and represent a best case
scenario. We cannot use real biological datasets for this problem; instead we must simulate a dataset.
To test if our conclusions for extant reconstructions extend to ancestral reconstructions, we simulated
sequences using the ML phylogeny and parameters for the LG+FO+G12 model from the L/MDH
dataset using Sequence Generator (version 1.3.4). In these simulations we know the true states for both
the extant and ancestral sequences at all nodes in the tree. We performed ASR and ESR on a simulated
dataset of known ancestral and extant sequences using the true LG+FO+G12 evolutionary model. We
then reconstructed the SMP sequence for each reconstructed distribution. For both ancestral and extant
SMP sequences, the average probability is an excellent estimate for the fraction of correct amino acids
(supplementary fig. 2). As expected, ancestral SMP sequences generally have higher average
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probabilities than extant SMP sequences, due to the higher amount of sequence information used in the
ancestral reconstructions.

Model misspecification does not explain sequence probability trends
All models explored in this paper are misspecified. Our column-wise CV demonstrated that
LG+FO+G12 was the most predictive model. However, we still saw that the total LnP of the SMP
sequences decreased overall. We have shown that this could be a result of improving the probability of
true residues at incorrect sites at the expense of the incorrect SMP residue. It is also possible that the
model misspecification could play a role. To explore this potential we simulated sequences with
Sequence Generator (version 1.3.4) using a known model of evolution and performed ESR with the
correct model of evolution and intentionally misspecified models.
Sequences were simulated using the LG+FO+G12 model of evolution and ESR was performed using;
Poisson+FQ, LG+FQ, LG+FO, and LG+FO+G12. A new phylogeny was inferred with each model of
evolution for the set of simulated extant sequences. We plotted the tree LnL, total LnP of the true and
SMP sequences, and the total expected LnP for each model of evolution (supplementary fig. 3a). As
expected, changing the model to include parameters more similar to the true model improves the tree
LnL, total LnP of the true sequence, and the total eLnP. Despite improving model specificity the total
LnP of the SMP sequences still decreases.
Counter to intuition, choice of model did not affect the estimate of fraction correct for our SMP
sequences or LnP of the true sequence. This could be a result of all models having been misspecified in
similar ways. To explore this possibility we plotted the fraction correct for simulated sequences against
the average SMP sequence probability (supplementary fig. 3b). We see that known model
misspecification does not affect the SMP sequence estimate of fraction correct. All estimates yield a
line with a slope close to 1. Like with our real biological sequences, we even see that on average the
expected number of correct residues in the SMP sequence actually decreases as the model gets closer
to truth (supplementary fig. 3c). We also plotted the true sequence LnP as a function of expected
sequence LnP. Similarly to average sequence probability, the eLnP of the extant reconstructions
remain excellent estimates of the true sequence LnP regardless of using a model choice (supplementary
fig. 3).
Intentionally misspecifiying a model does not result in under- or over-estimating our confidence in
extant sequence probabilities.
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Discussion
ASR is a method used to infer the hidden distributions of amino acids at internal nodes of a phylogeny.
The accuracy of those hidden distributions, and in turn the dependent ancestral reconstructions, are
thought to rely upon accurate phylogenetic models. There have been both experimental and
computational studies to elucidate the accuracy, precision, and bias of these reconstructions. Each of
these studies seek to closely imitate the process of evolution in a way that allows one to ‘know’ the
true ancestral state. The computational studies focus on simulated data from approximate models of
true evolution that rely on key assumptions to simplify our inferences. The experimental studies focus
on reconstructing ancestral sequences from directed evolution experiments, that are limited in their
sequence divergence. We have sought to address these limitations by performing ASR on extant
sequences and evaluate whether the predicted amino acid probabilities were accurate, precise, and
unbiased. We did this by treating an extant sequence as if it were an ancestral sequence in a CV
approach, essentially creating an internal control. Our findings demonstrate that a more complex model
leads to a reconstruction that is more similar to the true sequence.

Column-wise CV seems more stringent than AIC
We have developed a new method for model selection using column-wise CV. The column-wise CV
likelihood has a more intuitive interpretation compared to other model selection criteria. When
comparing two models, a higher column-wise CV likelihood means one model has more predictive
power given the observed data.
Recent studies have concluded that popular phylogenetic models do not result in substantially different
phylogenies and that model selection criteria, like the AIC, are of little benefit.15, 19 The suggestion is
to default to the most parameter rich model, however we have demonstrated that this default is
probably not generalizable to all protein families for the purposes of ASR. For example, including a
MLE for equilibrium frequencies, a proportion of invariant sites, or using the GTR20 substitution
matrix results in our L/MDH proteins having fewer expected correct amino acids. This is supported in
part by the fact that the total eLnP is lower for the LG+FO+G12+I model than the LG+FO+G12
model. This observation is consistent with Posada and Crandall, in which their empirically tuned AIC
penalty is 2.5 times higher than the traditional penalty. This does not give any additional insight on the
performance of SMP reconstructions or the average sequence with respect to the total number of
correct residues or Gd. the method of ML is not optimizing parameters to improve those metrics.

Accurate probabilities do not require the correct phylogeny
One apparent discrepancy between ESR and ASR is the certainty in the existence of the hidden node
being reconstructed. It is typical in ASR to calculate branch supports as a means to determine the
confidence that an internal node has a particular set of descendants. Usually, only ancestral sequences
that have a high probability of existing are reconstructed. Despite the certainty in the node associated
with the extant sequence we are reconstructing, the remainder of the phylogeny remains uncertain
because we do not know the true phylogeny. If we do not have the true phylogeny, then there exists a
subset of internal nodes with the incorrect descendants. The linear relationship between our average
probability of an extant sequence and the actual fraction correct hold, even though the probability we
have the true phylogeny is low.
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The number of correct amino acid states follows a Poisson binomial distribution
How do we interpret the conditional probability of an amino acid? We can interpret the conditional
probability of an amino acid as a success rate and each site as an independent Bernoulli trial. We saw
that the average probability of a sequence is an accurate and unbiased estimate of the fraction of amino
acids correctly guessed (fig. 2a-c). Each amino acid conditional probability can be interpreted as a
measure of confidence that it will be observed in the true sequence. This is an important finding for the
ASR community because we now know how much to trust the character state of a residue.
Surprisingly, this measure of confidence holds regardless of the evolutionary model tested and for a
wide range of probabilities.
We expected that the accuracy of the residue probabilities of should be a dependent on the accuracy of
the model (i.e. the choice of substitution matrix, equilibrium frequency, and among-site rate variation),
because the amino acid transition probability depends on those model choices. Each model of
evolution requires the same underlying features of: (1) a time-reversible Markov process that is
homogenous across the phylogeny, (2) independent sites, (3) a global equilibrium frequency, (4) a tree
structure, and (5) the same data. It is those underlying features that largely determine the accuracy of
the conditional probabilities. Low probability residues are also plausible residues. In fact, we see that
the true residue can have low probabilities and incorrect residues can have high probabilities.
There were a couple limitations to our experimental methodologies and thus our interpretation, the
most significant caveat being we knew exactly how to gap the extant SMP reconstructions. In ASR a
probability distribution for the twenty amino acids are predicted for every site in an alignment,
including those that contain gaps. Realistically, the probability of the amino acid is conditional on the
probability that an amino acid exists at all and would affect the conditional probability of the amino
acid. The issue of whether a gap is truly a gap will be addressed in future studies. Secondly, we are
certain of the existence of an extant node, as opposed to internal nodes. Like with a gap, all calculated
distributions for an internal node are conditional on it actually being present. Thus, our ESR represents
a best possible approximation to ASR.

More complex models result in more absolute mistakes in SMP sequences, but
fewer naïve mistakes
Our expectation was that a more complex model would capture and approximate relevant biological
processes, thereby increasing total number of correct residues. For example, we know that the
observed exchangeabilities of amino acids are not all equal and we know that some sites are more
conserved than others. Replacing the Poisson substitution matrix with the LG substitution matrix and
including among-site rate variation should result in ‘better’ amino acid predictions. Why then does the
inclusion of those parameters result in less probable SMP predictions on average with fewer correct
amino acids in the alignment? One possible explanation is that total number of correct residues is the
wrong metric to assess if an SMP sequence is ‘better’ than another.
We used Gd as a metric to judge the difference between SMP reconstructions and the truth when the
substitution matrix is changed. We believe Gd is an appropriate metric to consider because nature
accounts for it by biasing the genetic code and Gd having realistic biophysical underpinnings. We saw
that the LG substitution matrix improves the types of mistakes made in the SMP sequence (fig. 5a).
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The improvement in Gd per mistake ranges from 1-2 across all three protein families. For perspective,
a mistake between Pro and Val would result in a Gd of 68, whereas a mistake between Thr and Val
would result in a Gd of 69. The difference could be between maintaining a hydrophobic characteristic
on average, as opposed to introducing hydrophilic functional group.
While Gd was an appropriate metric for changes in the substitution matrix, it does not make sense to
assess the impact of rate variation. Rate variation considers that there are sites with lower entropy
which display high functional constraint because they are under purifying selection. A mistake at a low
entropy site is not the same as a mistake at a high entropy site. We see this exact effect in the mean and
skew of an entropy histogram of unique mistakes when we compared a models with and without rate
variation (fig. 5b). For both Gd/mistake and change in mean entropy the differences between models
are small, yet making better mistakes can be critically important. Even a single chemically detrimental
amino acid change, or a single conservative change in an active site, can have large (catastrophic)
effects on protein function as all biochemists are familiar with.

The SMP reconstructions are most similar to the true sequence on average
The justification for using a SMP reconstruction is to pick a sequence most like the true sequence on
average. We have seen that the long-range probability of successfully predicting a correct amino acid
is equal to that amino acid’s reconstruction probability. This means using a lower probability sequence
is always expected to result in fewer correct amino acids predicted than the SMP sequence. We do in
fact see that fewer residues are expected to be correct in a randomly sampled sequence (fig. 6d-f) than
from the SMP sequence for all protein families across all models of evolution (fig. 4d-f).
Consequently, sampled sequences are also less chemically similar to the true sequence (fig. 6g-i) than
the SMP sequence is to the true sequence (fig. 4g-i). Taken together the extant SMP reconstructions
result in fewer errors and more chemically similar sequences than sequences sampled from the
posterior probability distribution.

LG and rate variation improve the average sequence similarity to truth
We have so far focused on the SMP sequence because that is what is typically resurrected and used to
generate conclusions on enzyme evolution. There exist other unbiased methods of generating ancestral
sequences, like sampling sequences from the ancestral distribution. The question remains: how does
the average sequence benefit from increasing model complexity? The inclusion of two model
parameters, the LG substitution matrix and rate variation, seem to impart consistent positive features
on the reconstructed protein sequences.
Changing the substitution matrix from Poisson to LG consistently lowers the expected Gd for all three
protein families and does so without adding a single new parameter (fig. 6g-i). In addition, the LG
substitution matrix improves the probability of true residues at incorrect sites (fig. 5c). At the same
time, it has less of an impact on reducing the probability of the SMP residue at incorrect sites. Even
though we have improved our chances of selecting the true residue, we haven’t as much reduced our
chances of selecting the wrong SMP residue. This could explain why the expected Gd improves
significantly, but the expected number of correct residues does not similarly improve.
Adding among-site rate variation results in the largest and most consistent improvement to the
expected number of correct residues (fig. 6d-f). There are three possible explanations: the probability
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of the true residue has increased significantly, the probability of the wrong SMP residue decreased
significantly, or a combination of the two. We saw that rate variation is the biggest factor in reducing
the probability of incorrectly guessed SMP residues, while there was not as much improvement in the
probability of the true residue (fig. 5c). The probabilities were already improved significantly by using
the LG substitution matrix. However, reducing the probability of incorrect SMP residues reduces the
frequency in which they are sampled, which is now combined with an already improved true residue
probability we see that the number of expected correct residues increases.
The Gd and the total number of correct residues are just a proxy for the behavior of resurrected
enzymes. While more correct residues and a lower Gd likely beneficial toward resurrecting an enzyme
with properties closer to truth, we cannot say without experimentation if that is the case or if it is even
detectable within the error of our measurements. The total number of correct residues and Gd provide a
clear and testable hypothesis for future experiments, which is that SMP sequences with lower Gd and a
greater number of correct residues will be closer in biochemical property to the true sequence.

The eLnP is a better measure of reconstruction quality than the SMP average
probability
The response of the SMP sequence’s LnP to model complexity is more predictable than the number of
correct residues in the SMP sequences. This is because each calculated conditional probability of an
amino acid in the extant distribution is tied to the tree log-likelihood that is optimized (fig. 6).
Therefore, the response of an amino acid probability to increasing model complexity depends on
whether it is the true residue or the incorrect residue. The LnP of the true residues improve with the
tree log-likelihood, whereas the LnP of the incorrect residues is reduced. The point of ML methods is
to minimize the Kullback-Leibler divergence, which means ML methods are trying to minimize the
entropy of the amino acid distribution at each site. The eLnP is the negative of entropy, which is a
measure of uncertainty. Improving the true sequence LnP necessarily requires a decrease in the LnP of
incorrect residues, which will include incorrect SMP residues. However, whether or not this is enough
to change the SMP sequence is another matter. Improving the LnP of the true residue may not
necessarily make it more probable than the incorrect SMP residue (supplementary fig. 4-5).

Some sampled reconstructions are more accurate than the SMP
reconstructions
ASR is generally performed to glean some insight into the origins of protein function. The problem
with ASR is that we could not know to what degree, if any, the reconstructed ancestral protein
resembled the true ancestral protein. There are several ways to generate an ancestral sequence from a
reconstruction. First and foremost, has been to select the SMP residue at each site in a sequence, which
is a systematically biased approach. It is thought that SMP sequence has the fewest expected number
of differences from the true sequence (i.e. mistakes). Alternatively, residues could be randomly
sampled in proportion to their probability at a site in a sequence. This unbiased method to generate a
sequence has been avoided because these sequences are expected to have more mistakes than the SMP
sequence and thus be further from the true sequence. However, we can now explicitly see if our
justifications for the use of (or lack thereof) these two methods hold.
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We reconstructed the SMP sequence and 10,000 sampled sequences for; LDH_CRPA2, LDH_THOR,
and MDH_DETH because they represented a wide range of average posterior probabilities for their
respective SMP sequences. We plot the log probability of each sequence reconstructed using the two
methods against the number of mistakes relative to the true sequence (fig. 8a-c). We also included the
true sequence and the expected sequence. The expected number of mistakes in an MCS sequence is the
expected average probability of all MCS reconstructions. The expected number of differences of an
MCS sequence from the SMP sequence is expected number of mistakes in the SMP sequence. The first
thing we noticed is that a substantial fraction of sampled sequences have fewer mistakes than the SMP
sequence for LDH_CRPA2. The number of mistakes in sampled sequences follows a binomial
distribution centered on the expected average number of mistakes of sampled sequences. There is some
variance associated with the number of mistakes for sampled sequences. The average probability of the
SMP sequence is about 2% greater than the expected average probability of a sequence resulting in
about 2 fewer mistakes in the SMP out of 100 sites. The variance in the number of mistakes of the
sampled distribution is about 6 residues out of 100 sites. It follows then, that some sampled sequences
should have fewer mistakes than the SMP sequence at high average probabilities. We don’t see this for
LDH_THOR and MDH_DETH because the number of mistakes in SMP sequence is far fewer than the
expected number of mistakes for randomly sampled sequences.
We cannot know what the true ancestral sequences so we will not know the number of mistakes. We
cannot determine how the SMP or sampled sequences change relative to the true ancestral sequence.
However, we always know the SMP sequence, so we can determine how the true sequence should
behave in relation to the SMP sequence. We plot the log probability of each sequence reconstructed
against the number of different amino acids relative to the SMP sequence (fig. 8d-f). We see that for all
three enzymes the number of differences in the true sequence is close to the expected number of
differences in sampled sequences. What this tells us is that if we minimize the differences between the
average sampled sequence and the SMP sequence, then we will also minimize the difference between
the true sequence and the SMP sequence.

We now know where in our phylogeny more information is required
There exist several metrics by which to calculate branch supports and approximate our confidence in
the relatedness of two sequences. That doesn’t help us understand if our ancestral distributions are
getting any better at predicting the true ancestral sequence, which we typically want to improve for the
purposes of ASR. We saw that the total eLnP of sequences improve with model complexity and is an
unbiased estimate the true sequence LnP, so we can use the eLnP of a sequence as an analogous metric
to branch supports.
Different methods to calculate branch supports exist to reflect our confidence in whether or not a
branch exists, and by extension a specific ancestral node. However, a branch support does not provide
any information about the ancestral distribution at the respective node. We have seen that the eLnP of a
sequence is an accurate estimate of the true sequence LnP. The relative eLnP of all internal and
external nodes could be included in a phylogeny, analogous to branch supports, to indicate where in a
phylogeny more information is required. In other words, we could visualize which regions of a
phylogeny have high information and which have low information about ancestral and extant nodes.
We calculated the normalized eLnP for all nodes in a phylogeny and mapped them on to an
Apicomplexa L/MDH phylogenetic tree (fig. 9). We can see that there is a specific clade, composed of
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bacterial MDHs, whose eLnP is relatively low compared to the rest of the phylogeny. If we want to
improve the probability of predicting the true ancestral sequence, then we need to improve the eLnP of
an ancestral sequence.
Similar trees to figure 9 could be generated to compare amongst plausible trees. For example, should
one use an unconstrained ML tree or a ML tree constrained with a species-tree. In this way you would
see how ancestral distributions change for different tree topologies. We believe this provides more
useful information for ASR purposes than a simple Robinson-Foulds distance, which only takes into
account the minimum number of differences among trees. Robinson-Foulds distance does not tell you
if ancestral sequences are better in one tree or if one tree is closer to truth.
Average ancestral properties should approximate the true ancestral properties
Biochemists are interested in sequence-specific statistics, like activity toward a substrate or thermal
stability, of ancestral proteins. These statistics will forever be unknown to us for an ancestral sequence.
Instead, we calculate a sequence-specific statistic, the eLnP, and find that it closely approximates the
true statistic. Similarly, if we calculated the calculate the expected activity or stability of an ancestral
protein then it should be close approximation to the true statistic. Unfortunately, we do not know the
specific functions that calculate expected activity or expected thermal stability. Nonetheless, we can
approximate the expected stability or activity by randomly sampling sequences from their
reconstruction distribution and measuring their average stability or activity. We hypothesize that this
average stability or activity is a close approximation to the truth, analogous to our eLnP results.
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Conclusion
We have developed two CV methods: (1) ESR and (2) column-wise CV. ESR can be used to validate
the accuracy of residue probability by predicting modern sequences. In general, we find that improving
the log-likelihood of the phylogeny does not have a large effect on the total number of correct SMP
residues. Rather, improving the tree log-likelihood seems to generally improve the expected chemical
similarity of our reconstruction to the true sequence. The two main factors in improving ancestral
sequence reconstructions are choice of substitution matrix and among-site rate variation. It does not
escape our notice that ESR could be modified to predict the evolution of current modern sequences.
Column-wise CV can be used as a new method of model selection that is possibly more stringent than
the AIC.
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Materials and Methods
Datasets
Protein sequences for lactate and malate dehydrogenase (L/MDH), kinase, and terpene synthase
homologs were obtained using BLAST searches with the National Center for Biotechnology
Information nr protein sequence database.33 For each dataset a multiple sequence alignment was
generated using MAFFT-LINSI (version 7.487).34 Sequence and alignment statistics for each protein
family are listed in Table 1.

Phylogenetic inference
Maximum likelihood (ML) phylogenies were inferred using IQ-Tree (version 1.6.12 or 2.1.1) with
various evolutionary models for a given multiple sequence alignment.35, 36 In order of increasing
complexity, the models were: (1) the Poisson substitution matrix with equal equilibrium frequencies
(FQ), (2) the LG substitution matrix with FQ, (3) the LG substitution matrix with optimized
equilibrium frequencies (FO), (4) the LG substitution matrix with FO and 12-category gamma
distributed among-site rate variation (G12), (5) the LG substitution matrix with FO, G12, and a
proportion of invariant sites (I), and (6) GTR20 with FO and G12.

Ancestral and extant reconstructions
Herein we refer to a “reconstruction” as the probability distribution of amino acid states for a single
sequence at a hidden node in a phylogeny. For ASR, the hidden node corresponds to an internal node,
whereas for extant sequence reconstruction (ESR), the hidden node corresponds to a terminal node. A
reconstructed probability distribution is a 20×N matrix of N sites corresponding to the N columns in the
sequence alignment. Each column j (j = {1, ⋯,N}) in the reconstruction probability distribution is a
categorical distribution represented by a 20-vector of amino acid probabilities that sum to 1. In this
work we use what is known as the “marginal reconstruction” of a hidden node (as opposed to the “joint
reconstruction”), in which the uncertainties in the hidden states of all other nodes are integrated over.28

Column-wise CV
The goal of column-wise CV is to quantify and compare the predictive power of different evolutionary
models. For column-wise CV, the training dataset is the original sequence alignment with a single
column deleted, and the test dataset is the corresponding deleted column from the alignment (fig. 1, top
right). First, a single column at a time is removed from the alignment and the ML phylogeny and
parameters are inferred for the training dataset. Then IQ-Tree is run again to calculate the site loglikelihood for each column in the original alignment (i.e. the validation set), using the training dataset
topology and the ML parameters. IQ-Tree reports the site log-likelihood for each column in an
alignment for a given phylogeny (via command line option ‘-wsr’). The process was repeated for each
column in the alignment. The column log-likelihood corresponding to each deleted column was
retrieved for each run and summed (eqn. 3) to calculate the final column-wise CV log-likelihood.
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Site-wise CV
The goal of site-wise CV is to phylogenetically reconstruct the sequence of a modern protein. The
amino acid probability distribution of a site in a single modern sequence is calculated analogously to
how conventional ASR calculates the amino acid probability distribution for an ancestral site. For sitewise CV (fig. 1, middle right), the training dataset is the original alignment with a single site removed
from a single modern sequence corresponding to a terminal node (i.e., a single amino acid was deleted
from the alignment). The validation dataset is the single amino acid that is deleted from the original
alignment to produce the training dataset.
First a new ML phylogeny and model parameters were inferred for the training dataset. Depending on
the particular phylogenetic model under consideration, the parameters may include one or more of
branch lengths, equilibrium frequencies, alpha rate variation, invariant sites fraction, and amino acid
exchangeabilities. Then, using the ML parameters from the training set, the probability distribution of
the extant deleted amino acid site was calculated. IQ-Tree only reconstructs states for internal nodes
of a phylogeny, so a workaround to reconstruct terminal nodes was coded using IQ-Tree and in-house
shell and Python scripts. The extant node corresponding to the site and sequence of interest was made
an internal node in a new proxy tree by artificially adding two daughter nodes with branch lengths of
1000 to the ML tree constructed from the training set. The corresponding sequence alignment was also
modified to include an additional poly-Leu sequence corresponding to one of the new daughter nodes;
the other daughter node corresponds to the original sequence of interest with the single site deleted.
ASR was then performed with IQ-Tree (by invoking the ‘-asr’ command line option) without
optimization using the proxy tree, sequence alignment, and ML parameters previously inferred from
the training dataset. This procedure forces IQ-Tree to reconstruct the sequence corresponding to the
extant node (now internal) in the proxy tree. Because the two new daughter nodes are attached to the
original extant node by very long branches, the daughter nodes contribute no information to the
reconstruction at the internal node (a fact which was confirmed empirically by performing analyses
with various branch lengths, short to long). These steps were repeated for each site in each sequence in
the alignment.
The reconstructed conditional probability distribution for an entire extant sequence was then
constructed by collating the conditional probability distribution for each removed site in the extant
sequence from the IQ-Tree ASR output files. The initial reconstructed distribution from IQ-Tree
contains a vector of 20 amino acid probabilities for each column in the alignment, even though
reconstructed sequences generally will contain gaps, and their length will be less than the total
alignment length. We introduced gaps into the un-gapped reconstructed sequences using the known
gaps from the corresponding true sequence in the alignment.

Sequence-wise CV
The purpose of sequence-wise CV is to closely approximate the results of single-site CV by generating
a probability distribution for each extant sequence, but with considerably less computation. For
sequence-wise CV, the training dataset is the original sequence alignment with no sites removed, and
the validation dataset is a single extant sequence. First, using IQ-Tree a maximum likelihood
phylogeny was inferred for the alignment that contained the full sequence set. Then, like in the sitewise CV, the original phylogeny was modified to internalize the node corresponding to the chosen
25

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.14.476414; this version posted January 16, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

extant sequence by making it the parent of two introduced daughter nodes and a poly-Leu sequence
was added to the original alignment. Finally, ASR was performed on the modified phylogeny using
the ML estimate of each parameter from the original phylogeny to generate a file containing the
posterior probability distributions for each internal node. The process was repeated for each sequence
in the alignment. While this sequence-wise procedure is not strictly CV, the results are extremely close
to that of site-wise CV (supplementary fig. 1) because the respective training sets typically differ by
only one residue out of thousands in an entire alignment (e.g., only one difference out of 39,080 total
residues for the L/MDH dataset). Sequence-wise CV speeds up the computation time by several orders
of magnitude relative to site-wise CV.
To demonstrate that sequence-CV reconstruction probabilities are approximately equivalent to sitewise CV probabilities we used the LG+FO+G12 model and the L/MDH dataset. A line of best fit for
the LnP of each true sequence reconstruction between the two cross-validation methods has a slope of
1.001 and an intercept of 3.824 (supplementary fig. 1). The slope indicates that the true sequence LnP
from sequence-wise CV approximates closely the true sequence LnP from site-wise CV and scales
with it almost perfectly. The intercept indicates a small positive offset to the sequence-wise
reconstructions, which is expected from the fact that the sequence-wise approximation to LnP should
always be less than or equal to the correct site-wise value. A histogram of the difference in LnP for
each true sequence (the difference is sequence-wise LnP from site-wise LnP) demonstrates that the
LnP from a site-wise reconstruction is always lower than from a sequence-wise reconstruction
(supplementary fig. 1b). The average difference in LnP between two sequences reconstructed from
site-wise and sequence-wise is -3.66 with a 0.16 standard error of the mean. Each site reconstructed
requires a new phylogeny and parameters estimated by IQ-Tree, which is 39,080 unique runs for a
single alignment.

Single Most Probable (SMP) reconstructed sequence
SMP sequences are generated by selecting the most probable residue from the reconstructed
conditional probability distribution for each sequence. Extant SMPs are constructed from an extant
reconstruction probability distribution; ancestral SMPs are constructed from an ancestral
reconstruction probability distribution. In many publications, SMP sequences are referred to as
“maximum likelihood (ML) ancestral sequences”, which is a misnomer because the SMP state is not a
ML estimate.20, 37 Reconstructed hidden states are not parameters in the likelihood function; rather,
they are states that are integrated out of the likelihood function.

Distance between SMP and true sequences
To quantify the differences between a predicted SMP sequence and the corresponding true sequence,
we first constructed the SMP sequence by selecting the most probable amino acid at each site in a
protein sequence from the reconstructed distribution. Then, we calculated the average probability
across the sites of that SMP sequence. The “fraction correct” is defined as the actual number of correct
residues in the SMP sequence divided by the sequence length.

Log-probability of a specific sequence
The log-probability (LnP) of a sequence is the sum of the LnP for the amino acid state a at each site j
of the sequence:
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𝐿𝑛𝑃 = , ln p(𝑎)$ .

(7)

$

Expected log-probability for a reconstruction
The expected log-probability (eLnP) of a reconstruction can be thought of as the average logprobability for a sequence sampled from the reconstructed distribution:
𝑒𝐿𝑛𝑃 = E[ln p(𝑎)] = , , p(𝑎# )$ ln p(𝑎# )$
$

(8)

#

where a is the amino acid state, which can be any one of the 20 amino acids, and p(a)j is the
probability of the amino acid state a at site j of the sequence. Note that here the expectation is taken
over the entire reconstructed probability distribution (i.e., over all sites and over all possible amino
acid states). The eLnP of a reconstruction is equivalent to the negative entropy of the reconstructed
probability distribution and is an estimate of the log-probability of the corresponding true sequence.

Expected fraction correct for a specific sequence
For a given sequence i, the expected fraction f of correct residues is equal to the arithmetic average of
the probabilities for the amino acid at each site j in the sequence:
E(𝑓)% = E[p(𝑎)]% =

∑$ p(𝑎% )$
𝑁%

(9)

where Ni is the length of sequence i, and ai is the amino acid state at site j in sequence i.

Expected fraction correct for a reconstruction
The expected fraction of correct amino acids f for a reconstruction is calculated as:
E(𝑓) = E[p(𝑎)] = , , p(𝑎# )!$ .
$

( 10 )

#

Chemical similarity between SMP and true sequences
To account for chemical similarity among mutations, we calculated the Grantham distance (Gd)
between the SMP sequence alignment and the true extant sequence alignment:
𝐺𝑑 = , , dE𝑎%$ , 𝑏%$ G
%

$
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where d(a,b) is Grantham’s distance between the true amino acid a and the SMP amino acid b,
summing over each site j in each sequence i in the alignments.32

Chemical similarity between a sequence reconstruction and the true sequence
To quantify the expected chemical similarity between the true sequence and sequences sampled from
the reconstructed distribution, we calculate an expected Gd:
E[𝐺𝑑 ] = , , , p(𝑏% )$ dE𝑎%$ , 𝑏%$ G .
%

$

( 12 )

(

E[Gd] is the expected Gd and p(b) is the probability of the amino acid state. To calculate E[Gd] for an
entire alignment we sum over all possible amino acids, for each site in a protein, and for each protein
in the alignment.

Conditional and expected log-probabilities
In addition to sequence distance measurements we also looked at how the total LnP for all true
sequences, total eLnP of extant nodes, and the total LnP for all SMP sequences changed with
evolutionary model. We have already described how to calculate the eLnP and LnP for individual
sequences. We sum each of these log-probabilities to get the total for each phylogeny inferred by an
evolutionary model and protein family. IQ-Tree also calculates the likelihood of each phylogeny it
infers, we also pulled the likelihoods for each tree.

Model selection information criteria
The Akaike Information Criterion (AIC) and the Bayesian Information Criterion (BIC) were calculated
as:
𝐴𝐼𝐶 = ln 𝐿 − 𝐾
𝐵𝐼𝐶 = ln 𝐿 −

𝐾 ln 𝑁
2

( 13 )
( 14 )

respectively, where ln L is the maximum log-likelihood of the tree, K is the number of free parameters,
and N is the number of columns in the alignment.

Tree Visualization
To visualize the uncertainty in our ancestral sequences we plot eLnP on the phylogeny. We calculate
the eLnP (eqn. 6) for each ancestral and extant node and normalize each ancestral and extant eLnP
with the maximum and minimum eLnP so that the normalized value is between 0 and 100. Then we
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modify the Newick formatted tree file so that each node is associated with the corresponding
normalized eLnP. The subsequent tree is visualized with FigTree (version 1.4.3).

Simulated Datasets
To generate known extant and ancestral sequences, we used Sequence Generator (version 1.3.4) to
simulate an alignment with a single model of evolution using. The model to simulate sequences was
the LG substitution matrix with FO and G12. The equilibrium frequencies, alpha parameter for ratevariation, and guide tree were the ML estimates from the L/MDH phylogeny inferred using the
LG+FO+G12 model of evolution. The simulated alignment length was 380 residues long for 124
sequences and the -wa option was employed to write the ancestral sequence associated with each
internal node. Sequence-wise cross-validation was performed using various models of evolution: (1)
the Poisson substitution matrix with FQ, (2) the LG substitution matrix with FQ, (3) the LG
substitution matrix with FO, and (4) the LG substitution matrix with FO and 12-category gamma G12.
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MAFFT-LINSI Alignments
Model

Taxa

No. of
Residues

No. of Gaps

No. of
Taxa

Columns

Avg.
Seq.
Length

Avg.
Seq.
Identity

L/MDH

Apicomplexa, aproteobacteria

39080

8040

124

380

315

0.47

Src/AblKinase

Choanoflagellatea,
Metazoa

19377

4107

76

309

255

0.51

Terpene
Synthase

prokaryotes, fungi

131801

250829

415

922

317

0.17

Table 1: Summary of MAFFT-LINSI aligned datasets used in our CV analyses.
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Phylogeny
A
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D
B
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A:
B:
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Training Dataset

Phylogeny
A

D
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Ancestral Sequence Reconstruction
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A:
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Phylogeny
A

Training Dataset

D
B

C

Test Dataset

A:
B:
C:
D:

Sequence-Wise CV
(Extant Sequence Reconstruction)

Fig. 1: Three cross-validation strategies for phylogenetic analyses. On the left is a cartoon
phylogenetic tree inferred from a hypothetical alignment of three complete extant sequences (A, B, and
C). The single hidden internal node has an unobserved ancestral sequence D. On the right are the three
types of CV explored in this paper. Each CV method has a phylogenetic tree inferred from the training
dataset. The predictions of each CV method are benchmarked against the test set. Each tree node
represents a sequence: filled circles represent complete observed sequences, empty circles represent
unobserved sequences, and partially filled circles represent a site was removed for that sequence.
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A

L/MDH

B

Abl/Src-Kinase

Fig. 2. Column-wise cross-validation of the dataset demonstrates that the AIC underestimates
the number of model parameters. (a) Tree log-likelihood, AIC, BIC, and column-wise CV loglikelihood for each evolutionary model for the L/MDH protein family. (b) Tree log-likelihood, AIC,
BIC, and column-wise CV log-likelihood for each evolutionary model for the Abl/Src-Kinase protein
family.
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Fig. 3. The average probability accurately estimates the fraction of correct residues. (a-c)
Fraction correct vs. average probability of the SMP sequences for each protein family and model of
evolution. Each point represents a single SMP sequence from the reconstructed distribution. (d)
Average fraction correct of all remaining SMP sequences vs. total number of taxa for L/MDH family
using different models of evolution. Each point represents a dataset in which ESR was performed. A
line of best fit was calculated for each dataset in which the fraction correct was plot against the average
sequence probability. (e) The corresponding slopes for each line of best fit is plot as a function of
remaining taxa. (f) Fraction correct vs. average probability of sampled sequences for three different
L/MDH proteins inferred using the LG+FO+G12 model of evolution. Each point represents a single
sequence from the reconstructed distribution.
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Terpene Synthase

Total LnP of SMP Sequence

A
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G

H
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Average SMP Probability

D

Total Correct Sites

I

Fig. 4: SMP probabilities and number of correct residues generally decrease with increasing
model complexity. (a-c) Total LnP of each extant SMP sequence in a phylogeny for each model of
evolution. (d-f) The average of the average posterior probability for all reconstructed SMP sequences
and (g-i) the total number of correct amino acids from the reconstructed SMP sequences.
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Fig. 5: A realistic substitution matrix makes SMP reconstructions more chemically similar to the
truth and rate variation improves true residue probability at cost to wrong SMP residue. (a) The
total Grantham
distance
per mistakeGTR20+FO+G12
for Poisson+FQ and LG+FQ models. (b) Histograms of entropy
LG+FO+G12
LG+FO+G12+Inv
for each unique mistake in the LG+FO and LG+FO+G12 models for the L/MDH family. The skew and
median of each histogram is shown. (c) Histograms of the true residue probability at incorrect sites for
each model of evolution for the L/MDH dataset. Insert is a corresponding histogram of the SMP
mistakes. The skewness and mean for each histogram of the SMP mistakes are shown in the insert.
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Fig. 6: The expected Gd is generally improved by increasing model complexity. (a-c) Total eLnP
of the extant sequence for each model of evolution and each protein family. (d-f) The expected number
of correct amino acids of the posterior probability distribution and (g-i) the total expected Grantham
distance of the posterior probability distribution for different evolutionary models.
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Fig. 7: The true sequence LnP is accurately estimated by the eLnP and improves with model
complexity. (a-c) The true sequence LnP vs. eLnP for each protein family and model of evolution.
Each dot represents a reconstructed SMP sequence. (d-f) Total LnP of true extant sequences for each
protein family and model of evolution.
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Fig. 8: The SMP sequence may have more mistakes than sampled sequences. (a-c) LnP vs. the
number of mistakes in a sequence (relative to the true sequence) for three different enzymes.
LDH_CRPA2 has an average probability of 95%, LDH_THOR has an average probability of 80%, and
MDH_DETH has an average probability of 65%. (d-f) LnP vs. the number of differences in a sequence
(relative to the SMP sequence) for the same three enzymes. The blue dots represent 10,000 sequences
sampled from the reconstructed distribution, the green dot is the true sequence, the orange dot is the
SMP sequence, and the purple dot is the expected property of the reconstructed distribution.
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Fig. 9: The LG+FO+G12 tree colored by relative total site eLnP illustrates the location of
uncertain sequences. The colored bar in the figure represents the normalized total site eLnP. Terminal
nodes are represented by colored diamonds and internal nodes are represented by colored circles.
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