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The determinants of site-to-site variability in the rate of amino acid replacement in o/p-barrel enzyme structures
are investigated. Of 125 available o/B-barrel structures, only 25 meet a variety of phylogenetic and statistical criteria
necessary to ensure sufficient data for reliable analysis. These 25 enzyme structures (from a wide variety of taxa
with diverse lifestyles in diverse habitats) differ greatly in size, number, and topology of domains in addition to
the o/B-barrel, quaternary structure, metabolic role, reaction catalyzed, presence of prosthetic groups, regulatory
mechanisms, use of cofactors, and catalytic mechanisms. Yet, with the exception of ribulose-1,5-bisphosphate car-
boxylase, al structures have similar frequency distributions of amino acid replacement rates. Hence, site-specific
variability in rates of evolution is largely independent of differences in biology, biochemistry, and molecular
structure.

A correlation between site-specific rate variation and (1) distance from the active site, (2) solvent accessibility,
and (3) treating glycines in unusual main-chain conformations as a separate class, explains approximately half the
causal variation. Secondary structure exerts little influence on the pattern and distribution of replacements. Addi-
tional domains and subunits, side-chain hydrogen bonds, unusual side-chain rotamers, nonplanar peptide bonds,
strained main-chain conformations, and buried hydrophilic-charged residues contribute little to variability among
sites because they are rare. Nonlinear models do not improve the fits. In severa enzymes, deviations from the
typical pattern of replacements suggest the possible action of natural selection. A statistical analysis shows that, in
all cases, much of the remaining unexplained variation is not attributable to chance and that other, as yet unidentified,

causal relations must exist.

Introduction

Site-to-site variahility in rates of evolution in mo-
lecular sequences presents both serious problems and
wonderful opportunities for molecular evolutionists.
Problems arise (examples discussed by Taneto, Take-
zaki, and Nel 1994; Yang 1994, 1996; Miyamoyo and
Fitch 1996) when variability in rates affects the topol-
ogies of inferred phylogenies, causing incorrect classi-
fication, rejection of true null hypotheses, and (more in-
sidiously) the generation of spurious evolutionary hy-
potheses. Yet opportunities also arise when variable
rates are detected, for they suggest a glimpse at under-
lying evolutionary processes (Gu 1999, 2001) and con-
straints (Landgraf, Fischer, and Eisenberg 1999). For
these and other reasons, the study of site-to-site vari-
ability in rates remains of central importance in molec-
ular evolution (Thorne 2000).

A great deal of attention has been paid to the study
of variable rates in DNA: between genes, between cod-
ing and noncoding sequences, between regulatory ele-
ments and their adjacent cistrons, and between nonsy-
nonymous and synonymous substitutions within struc-
tural genes (Li 1997). Much discussion has centered on
the role played by functional constraints in determining
evolutionary rates, particularly with reference to the
neutral theory (Kimura 1983). As previously noted
(Dean and Golding 2000), many of these patterns are
also consistent with Fisher's theory of evolution near
fitness optima (Fisher 1930), wherein mutations of small
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effect are more likely to be fitter than those of large
effect—hence the former (e.g., synonymous substitu-
tions) occur more frequently than the latter (e.g., non-
synonymous replacements).

Proteins, diverse in structure and in function, aso
form a natural arena in which to explore issues sur-
rounding variability in evolutionary rates. After an early
study demonstrating that amino acid replacement rates
vary among sites in proteins (Uzzel and Corbin 1971),
Kimura and Ohta (1973) established that sites lining the
heme-binding pockets of hemoglobin evolve less rapidly
than those on solvent accessible surfaces—a now oft
cited example of functional constraint. In many recent
studies high rates of amino acid replacement compared
with the rates of silent substitution are taken as evidence
of selection (methods and results reviewed by Yang and
Bielawski 2000). A number of these studies reveal that
rapidly evolving sites are localized within the three-di-
mensional structures of proteins, thereby providing ad-
ditional insights into the mode of adaptive evolution
(e.g., Hughes and Nei 1988; Bishop, Dean, and Mitch-
ell-Olds 2000). Yet, between the extremes of casua in-
spection of protein structure and of rigorous application
of statistical theory, there remains a vast gulf in our
knowledge.

Incorporating protein structure into evolutionary
models has recently become a focus of renewed interest
(Thorne 2000). Bustamente, Townsend, and Hartl (2000)
showed that polymorphic sites in several bacterial en-
zymes are far more likely to be on solvent accessible
surfaces than in hydrophobic interiors, an observation
entirely in accord with the observations of Kimura and
Ohta (1973) and of Goldman and coworkers (Goldman,
Thorne, and Jones 1998; Lio and Goldman 1999). The
latter also attempted to extend the approach by incor-



porating knowledge of secondary structures, but with
mixed success. Atchley, Terhale, and Dress (1999) and
Atchley et al. (2000) used an information theoretic ap-
proach to analyze amino acid replacements in a DNA-
binding helix-loop-helix domain of transcription factors.
They found significant levels of covariation at surface
sites that could not be ascribed to common phylogenetic
history. Pollock, Taylor, and Goldman (1999) construct-
ed models that explicitly incorporate covariation among
sites and compared the fits with models that invoke no
covariation.

In this article we explore two issues, building on
an approach first used to analyze isocitrate dehydroge-
nase (Dean and Golding 2000). First, we determine
when there is sufficient information in a protein phylog-
eny such that reliable inferences about the distribution
of amino acid replacements can be made. Second, we
explore the extent to which biological function affects
the distribution of amino acid replacements within struc-
tures. To answer the first question we determine the pro-
portion of variation in the number of amino acid re-
placements among sites that is attributable to causal ef-
fects. This is done using a new method that is indepen-
dent of the structure of the underlying biological model,
although it assumes an underlying Poisson process of
amino acid replacement. To answer the second question
we make a survey of proteins with an eightfold «/p3-
barrel, a motif that appears in a variety of structural and
functional contexts.

The Model

We assume the following model for amino acid se-
guence evolution: among phylogenetically related amino
acid sequences, different sites evolve independently
along the branches of a given phylogenetic tree accord-
ing to a Poisson process. Different sites are alowed to
have different rates of evolution, and these rates may
vary independently of others, both within and between
branches. We do not use empirical correction matrices
because these mask heterogeneity that is rightfully at-
tributable to three-dimensiona structural effects. When
conditioned on phylogenetic history (tree topology, rates
of evolution, and changes in rates of evolution), the total
number of replacements at a given site for a sample of
amino acid sequences is still Poisson distributed. We
assume that at site i, the mean number of replacements
over the entire history represented in the phylogenetic
tree is w;.

Suppose we align a number of amino acid sequenc-
es, reconstruct their phylogeny, and infer the actual
number of replacements per site. There are two distinct
sources for variation in this data set: one is biological,
namely the site-to-site variation that is caused by evo-
Iutionary forces that determine the rate of replacement,
whereas the second is probabilistic, namely the inevi-
table variation that accompanies stochastic processes—
in this case Poisson processes that determine the number
of replacements per site, given the rate of replacement.
Because both sources contribute to variation, it is im-
portant to determine what fraction of variation is due to
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the stochastic process and what fraction is due to bio-
logical forces determining the site-to-site variation in re-
placement rates. Fortunately, in the case of Poisson
noise, it is possible to tease apart these two sources of
variation without recourse to a biological model of pro-
tein evolution, i.e,, a model that seeks to explain the
between-site variation in replacement rates.

Let Y; be the random number counting the number
of replacements at sitei, i = 1, 2, ..., n, accumulated
throughout phylogenetic history. Each Y; is Poisson dis-
tributed with mean w; for site i. Sites are independent
of each other. Setting .. = XP'_ ,u;/n, we can partition
the variance in the number of replacements among all
sites into two parts, the first ascribable to causal varia-
tion among sites and the second ascribable to residual
stochastic error due to the Poisson process acting at each
site:

;(Yi_FDz:;(Mi_FI)2+;(Yi_P“i)2

+ 22:1 i — i — )

If we define 02 = Z0,(Y; — )% 05ies = (i — 1)
n, and 6%, = E[2N (Y, — w)3/n, then, after taking
expectations and using EY; = w;,

02 = O%tes + 0-grrar
Rearranging yields
O tes —1 - O &ror
g2 g2

The distribution of replacements among sites (05e)
comes from the biological model. The distribution of
replacements at each site is Poisson with mean equal to
the variance (w; = o?). Because sites are independent,
it follows that i = 0%, Therefore,

2
OStes _ , _ M

o2 o2
The ratio on the left-hand side is the proportion of the
total variance among sites attributable to causal differ-
ences between sites. The ratio on the right-hand side is
the proportion of the variance attributable to Poisson
error. The expression on the right-hand side can be in-
terpreted as a coefficient of determination, denoted by
p?, an unbiased estimate of which (see Appendix at
MBE web site: www.molbiolevol.org) is given by

A y

p2=1- S 1)
wherey = XL yi/nand §f = 24(y; — Y)%(n — 1) with
y; denoting the realized number of replacements at site
i. For ease of reference, we will denote the Poisson es-
timated coefficient of determination, p2, by PECD.
Hence, whenever errors are Poisson distributed, PECD
can be computed from the sample mean and the sample
variance of the data.

We also show (see appendix) that the variance of

p? is given (approximately) by
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upon substituting the exact solutions
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where S5 = ¢ — Y isthe variation attributable to caus-

al differences among sites, Cov(y, ) is the covariance
of sample means and sample variances, and &3, is the
skewness attributable to causal differences among the n
sites. The variance of S5, is estimated as

2 2(n - 2)
2. = 2 = V2 + 2
Var(Sies) = Var(st — ) n= 1 = ) S
4 _ 4
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Reducing Error

The variation due to Poisson error can be reduced
by increasing sample size. The approximate increase in
sampling size can be computed assuming constant rates
of evolution. Suppose the total branch length in the tree
ist and w; = A, then the total variance is

(Nt = A2
o2 = O'%tes + 0%rror = 2 g + M
i1 n
where A = 31 \;/n. The proportion of variance attrib-
utable to the Poisson process is

0%rror _ At _ 1
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where (o,/\)? is the coefficient of variation attributable
to the sites. Rearranging yields
(0&iafo?) -1
(0,/0)?
The fold-increase in the data (v) necessary to reduce the

proportion of the stochastic error from oo oa/0%4q tO
O&ror.nen/Ofiew 1S given by

o=

_ lInew _ (0-%rror.newlo-%ew)_l -1 (4)

Rold (0%ror.0d/03a) — 1
To illustrate this, assume that y,4/s3q = 0.5, i.e., 50%
of the variation is attributable to Poisson noise. To re-

duce the error from 0.5 to 0.05, the mean number of
replacements must be increased by a factor of

f = Yﬂ,v _ (0.051 -1 _ 19
Yoid 05 *t-1
with approximate variance
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that is an underestimate because 63 o new/02ay IS treated
as fixed, whereas Y, o,/S2ay 1S Subject to (usually small)
sampling errors.

Using PECD

The PECD p? has three uses: (1) identifying data
sets with sufficient causal variation to be worthy of anal-
ysis (p?2 — 1), (2) determining how much more data
need be collected (1) to reduce the stochastic variation
to some desirable limit, and (3) knowing when to stop
tinkering with a regression model constructed from bi-
ological variables because its correlation coefficient (f)
has approached the theoretical limit (f - p).

PECD helps identify those data sets most worthy
of analysis. When all sites in a sequence evolve at the
same rate, the expected distribution of replacements is
Poisson, with the expected variance (¢?) equa to the
expected mean (w). The ratio of the estimated variance
(s?) to the estimated mean (y) weighted by the degrees
of freedom, (n — 1)s7/y, is approximately distributed as
x2_, and provides a convenient test for deviations from
Poisson (Fisher 1948). Yet, significance aone is insuf-
ficient a criterion to pursue an analysis. For example,
with df = 400 (common enough with molecular data)
the variance need only be 14% larger than the mean to
be significant, resulting in a PECD 1 — 1/1.14 = 0.12
or 12% causal variation. Yet a data set with 12% causal
variation is hardly worthy of detailed analysis when
there may be others consisting of 90% causal variation.

Additional data must often be gathered in an effort
to reduce stochastic noise to an acceptable level. There
are two possible strategies: increasing sequence length
or obtaining more sequences. The first is of limited use
because interest often centers on sequences of defined
length (e.g., a gene), and where lengthening is possible
it does nothing to reduce the stochastic proportion of the
estimated variance (y/s; = 1 — p?), whereas its variance
(Var(y/s}) = a3,) is reduced only in direct proportion to
the increase in length. The second approach is far more
efficient, even though the degrees of freedom remain
unchanged. The stochastic portion of the variance de-
creases (roughly) as y, whereas its variance decreases
(roughly) as yB. For this second approach, n provides a



Table 1
Theoretical, Simulated, and Estimated Coefficients of
Determination from Simulated Protein Data (n = 245)

Ex-

pected

Mean  Theoretical®
2 p? = 0,2
0.853 0.382 + 0.060
1.706 0.553 = 0.038
3.412 0.712 = 0.019
6.823 0.832 = 0.009

13.650 0.908 + 0.004

27.290 0.952 = 0.001

Estimated?
~ 2
p2 = 5°(=SD)

0.372 + 0.059 (+0.061)
0.541 = 0.038 (=0.037)
0.710 = 0.020 (=0.019)
0.831 = 0.009 (=0.009)
0.907 + 0.004 (+0.004)
0.952 = 0.001 (=0.001)

Simulated®
r2 =+ SDh

0.388 = 0.050
0.554 = 0.041
0.712 = 0.030
0.833 = 0.018
0.909 * 0.011
0.952 = 0.006

aMean number of replacements per residue.

b Calculated from the theoretical model, taking the inferred number of re-
placements at each site in triose phosphate isomerase as the Poisson expectation.

¢The mean and SD of 10,000 coefficients of determination obtained by
regressing simulated data against their expectations.

9 The mean PECD and mean approximate SD together with its observed
SD in parentheses.

useful, if approximate, gauge of the necessary increase
in sample size—approximate only because the precise
increase also depends on sequence relatedness and be-
cause very small initial samples necessarily produce
large standard errors (table 2).

PECD also provides a means to ascertain when the
coefficient of determination in the biological regression
model (denoted by 72) needs further refinement (72 <
p?) and when a satisfactory explanation has been
reached (f2 - p?). Normalizing the coefficient of deter-
mination that comes from the biologica model to the
coefficient of determination that comes from partitioning
the total variation into the variation due to the Poisson
error and the variation that needs a causal explanation,
provides a convenient measure of quality. We estimate
the normalized coefficient of determination (NCD) as 7
= t2/¢2, the proportion of variation that the model ex-
plains divided by the proportion of variation that needs
an explanation. This preserves the intuitive scale from
0 to 1. As an example, compare the NCD §? = 79/§? =
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0.2/0.21 = 0.95 to §? = 72/¢? = 0.4/0.95 = 0.42. Even
though the former 2 = 0.2 is much lower than the latter
f2 = 0.4, efforts should be concentrated on improving
the second model.

Simulations

To ascertain the reliability of our analysis when ap-
plied to proteins, we simulated the accumulation of ami-
no acid replacements at 245 sites in the glycolytic en-
zyme triosephosphate isomerase (TIM). Analysis (see
Methods) of 178 sequences from extant taxa allocates
90% of the site-to-site variability to causal effects. With
10% of the variation attributed to stochastic effects, the
observed distribution provides a sufficiently robust es-
timate of the true underlying distribution for simulating
Poisson scatter.

The mean and standard deviations (SD) of 2,000
replicate ssimulations (table 1), with the expected mean
number of replacements per site varied between 0.853
and 27.29, reved that the simulated p? closely follows
both the theoretical p? and the simulated r2. When there
are few replacements, p? underestimates r2. However,
the bias is negligible compared with the SD values (table
1) and the 95% confidence intervals (fig. 1). Table 1
aso shows that the approximate SD values of p? (s,
from eq. 2) closely follow the empirically determined
SD values and the approximate SD values of p?(c,,).
With many replacements, s;,, SD, and o, are smaller
than the empirically determined SD of 2.

Table 2 presents the mean and SD values of 1,000
replicate simulations of m, the fold-increase in the sam-
ple size necessary to reduce the Poisson sampling var-
iance to a predetermined fraction of the total (in this
instance 0.05). The smaller the sample, the larger the
fold-increase necessary and the less reliable its estimate.
For very small samples, where the sampling variance
accounts for more than 50% of the observed variance,
the increases in sample size are large and poorly esti-
mated. All readlized SD values are dlightly larger than
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FiG. 1.—Simulations of the PECD using the numbers of amino acid replacements accumulated during the course of evolution in TIM as
Poisson variates. (A) The PECD (p?) is an unbiased estimate of the true coefficient of determination (p?) and that the approximate 95% confidence
intervals (vertical lines) are not only similar to those of true coefficient of determination (horizontal lines) but are also close to those obtained
empiricaly (circles) by excluding the upper and lower 2.5% of 2,000 replicate simulations. (B) The PECD provides an accurate estimate of the
simulated coefficient of determination (r2): the slight underestimate seen at low values is swamped by the range of the 95% confidence intervals,
whereas at high values the underestimate is negligible. As judged by the 95% confidence intervals, the PECD provides a more reliable estimate
of the proportion of variation attributable to causal effects than does the simulated coefficient of determination.
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Table 2

Fold-Increase (q) in Sample Mean (y) Necessary to Reduce Sampling Errors (y/s%) to
Less Than 5% for Simulated Protein Data (n = 245)

Sample Sampling Theoretical Simulated Estimated

Mean y Error y/s} n=*o? @ + YoedYoa) = SD N * £ (£SD)
0.853.... 0.618 30.88 = 7.83 3342 + 10.25 33.02 = 9.48 (+9.15)
1.706.... 0.447 1544 = 2.34 15.71 = 2.79 15.67 + 2.45(%2.47)
3412.... 0.288 7.72 = 0.74 7.79 = 0.89 7.78 = 0.76(+0.76)
6.823.... 0.168 3.86 = 0.25 3.87 = 0.29 3.87 £ 0.25(*0.26)
13.650. ... 0.092 1.93 + 0.08 1.93 + 0.09 1.93 = 0.08(*0.08)

the predicted ones because they include variability as-
sociated with gathering the additional data (i.e., vari-
ability in 6Z o new/02an). This bias hardly matters when
the target error is small (65 o nen/02ew < 0.05), but it
becomes increasingly important for larger target errors
(0% ror.new/ Thew > 0.2).

a/pB-Barrel Proteins

o/B-Barrels (fig. 2) are large structures of at least
200 amino acids, with eight parallel B-strands forming
a hub surrounded by atire of eight a-helices (Branden
and Tooze 1999). Connected in a repeating loop-strand-
loop-helix motif, the B-strands and «-helices of different
enzymes are readily superimposed but the loops are not,
so variable are they in length and conformation. Some-
times the loops form entirely independent domains with
their own hydrophobic cores (e.g., pyruvate kinase in
fig. 3). Other structural variations on the o/B-barrel
theme include: enolase which contains a single antipar-
alel B-strand, isocitrate lyase in which an a-helix from
a second subunit completes the tire of the barrel, and
quinolate phosphoribosyltransferase (fig. 3) which is a
partial barrel.

a/B-barrels are common structures appearing in ap-
proximately 10% of unique enzymes in the Protein Data
Bank (Gerlt 2000). Why so many enzymes should have
this structure and why all have their active sites located
at the carboxy termini of the B-strands are still matters
of intense speculation. Those that are clearly homolo-
gous, as judged by shared vestigial sequence identities,
clear-cut structural similarities, and related catalytic
chemistries, can be classified into superfamilies (Babbitt
and Gerlt 1997). Attempts to classify ever more dissim-

ilar superfamilies (Copley and Bork 2000) risk mistak-
ing structural and functional constraints as evidence of
homology.

o/B-barrel enzymes have diverse functions (table
3). At the organismal level they contribute to photosyn-
thesis, respiration, cell growth, development, defense,
and communication. They may be extracellular or con-
fined to certain organelles. At the metabolic level they
play roles in glycolysis and gluconeogenesis, CO, fix-
ation, assorted biosyntheses and degradations, DNA re-
pair, and bioluminescence. They carry out a diversity of
biochemical transformations, including C-C bond for-
mation, oxidations and reductions, hydrolyses and con-
densations using a variety of chemical mechanisms
(Walsh 1979). Reactions may proceed concertedly (ev-
erything happens simultaneously) or sequentialy (in a
stepwise fashion). The transition states vary widely in
chemical character, from enolates to radicals to oxocar-
benium ions. These transition states may be stabilized
directly by the protein or indirectly by way of divalent
metals or pyridoxal phosphate. In the case of chitinase
there is even the suggestion that the substrate itself di-
rectly assists catalysis (Terwisscha van Scheltinga et al.
1995). In some, the substrate becomes temporarily co-
valently attached to the enzyme or coenzyme (e.g.,
through a lysyl or pyridoxal phosphate Schiff-base, or
the formation of acyl-enzyme intermediate). In others,
the substrates are noncovaently bound throughout the
reaction.

Methods
Structures, Sequences, and Alignments

Proteins containing o/B-barrels were identified us-
ing the SCOP classification (Lo Conte et a. 2000; http://

FiG. 2—With a hub of eight parallel B-sheets surrounded by atire of eight a-helices, monomeric plant acidic chitinase has a canonical o/
B-barrel. The active site pocket, with the inhibitor allosamidin bound, lies at the carboxy termini of the B-sheets as it does in al o/B-barrel

enzymes.
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RUBISCO

Quinolinate Phosphoribosyltransferase

FiG. 3.—Subunits containing «/B-barrels (viewed end on) vary greatly, from the simple unembellished structure of endonuclease 1V, to the
large triple domain of pyruvate kinase, to the partial a/B-barrel of quinolinate phosphoribosyltransferase. Substrates also vary greatly in size,
from the tiny CO, of RUBISCO to the gigantic chromosoma DNA of endonuclease 1V. DNA is represented by sticks, with other ligands, all

bound in active sites, represented by van der Waals models.

scop.mrc-Imb.cam.ac.uk/scop/data/scop.1.html), the
NCBI/Entrez database of structural alignments, and
PUBMED searches using keywords “TIM barrel” or
“apha/beta barrel” (both accessible at http://www.
nchi.nim.nih.gov:80/entrez/query.fcgi). Atomic coordi-
nates for structures were downloaded from the Protein
Data Bank (http://www.rcsb.org/pdb/). Where possible,
structures with bound transition state analogues or co-
valently attached ‘““suicide’” substrates were chosen be-
cause they better represent enzymes undergoing cataly-
sis. Otherwise, preference was given to structures with
bound substrates, products, or inhibitors because these
better represent Michaelis complexes.

Amino acid sequences homologous to those in the
Protein Data Bank were identified using web-based
gapped-BLAST (Altschul et a. 1997; http://www.
nchbi.nlm.nih.gov:80/BLAST) and Neighbors (http://
www.ncbi.nlm.nih.gov:80/entrez) algorithms. All mu-
tant and chimeric sequences were discarded, as were
short peptide fragments (<150 residues). Sequences
were aligned using CLUSTALW (Thompson, Higgins,
and Gibson 1994; Higgins, Thompson, and Gibson
1996; code and documentation available at ftp://ftp.
bio.indiana.edu/molbio/align/clustal/). All sequences

less than 40% identical to a known structure were dis-
carded. Only a single wild-type representative in clus-
ters of sequences sharing more than 99% identity was
retained. Partial sequences were removed, unless the
missing sites comprised less than 5% of the sequence
(commonly seen at the amino and carboxy termini).
For many enzymes the structures from several different
species are available. Structural alignments, obtained
from web-based databases and programs (the MMDB
database at http://www.ncbi.nlm.nih.gov/Structure/
MMDB/mmdb.shtml, VAST alignments at http://
www.ncbi.nlm.nih.gov/Structure/VAST/vast.shtml),
CE (Shindyalov and Bourne 1998) at http://cl.sdsc.edu/,
FSSP (Holm and Sander 1996) at http://www2.ebi.ac.
uk/dali/fssp/, or locally with QUANTA (MSI, CA), were
al similar and used as guides to adjust alignments with
the SEQPUP editor (D. Gilbert 1999; http://iubio.bio.
indiana.edu/soft/molbio/seqpup/java). Searches were
completed on August 1, 2000.

Phylogenetic Reconstructions

Phylogenies were constructed using the Fitch-Mar-
goliash least squares method (Fitch and Margoliash
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1967), as implemented in PHYLIP (Felsenstein 1989;
code and documentation available at http://evolution.
genetics.washington.edu/phylip.html). Distances were
calculated using a PAM250 matrix (Jones, Taylor, and
Thornton 1992), with gaps treated as missing data
Branches longer than 0.3 were pruned, and clusters hav-
ing five or more sequences were analyzed separately. For
each cluster, the phylogeny was repeatedly reconstructed
and pruned until al branch lengths were shorter than 0.3.
Phylogenies were further pruned so that no more than
30% of their total lengths comprised branches longer than
0.2.

Inferred Amino Acid Replacements

For each Fitch-Margoliash tree the number of ami-
no acid replacements per site was inferred by parsimony
using PAUP* (Swofford 1998). Sites absent in the pro-
tein structure were discarded as were those present in
the structure but absent in more than 10% of aligned
homologous sequences.

Parsimony systematically underestimates the num-
ber of replacements per site. We therefore implemented
a Jukes-Cantorlike correction to adjust for this bias.
Following Gu and Zhang (1997), the probability of one
or more amino acid replacements at site i on branch j
(y;;) when governed by a Poisson process is given by

P(y; > 0) =1 — el

where \; is the site-specific rate of amino acid replace-
ment, and t; is the length of branch j. Note that this
correction assumes evolutionary rates are constant, in
the sense that all rates are proportional to branch lengths
t;. The expected number of branches with replacements
at sitei (b,) is obtained by summing over al m branches
in the phylogeny,

b= >, P(y; >0) = 2 (1 — et)
j=1 j=1

with the expected number of branches receiving no re-
placements given by
m
m= b, = > ey (6)
j=1
On the left-hand side is the difference between the
number of branches (m) in the phylogeny and the ob-
served number of branches with at least one replacement
(). On the right-hand side, estimates of t; are provided
by the Fitch-Margoliash tree. There is no general ana-
Iytic solution for A; (this equation being similar in form
to Euler equations), and therefore we found its numer-
ical value using the RootFind function in Mathematica
(Wolfram Research, Inc., IL). The corrected number of
replacements per site (v;) is then estimated as

(7)

Simulations (see Results) demonstrate that this correc-
tion accurately recovers the mean and variance in num-

ber of replacements when branch lengths are constrained
as described above.

Protein Characterization

An SGI Indigo Il (Mountain View, CA) running
Quanta (MSI, CA) software was used to calculate H-
bonds and ¢ and s angles and to define secondary struc-
ture from PDB files. Quanta was also used to identify
those side-chains engaged in ionic interactions and those
engaged in H-bonding, and whether the latter were side-
chain to side-chain, side-chain to main-chain, interdo-
main or intersubunit interactions, whether they were do-
nors or recipients, and whether the atoms involved were
charged or polar (or both). The fraction of each amino
acid side-chain exposed to the golvent was calculated
using a 0.01-A grid with a 1.4-A radius probe (the di-
ameter of water) in Quanta. The distance (A) from the
atom in each residue closest to the active site (taken to
be an atom implicated in catalysis from mechanistic
considerations and which, depending on context, may
reside on a side-chain, in a prosthetic group, in a bound
ligand or be a bound metal ion) was calculated from the
X,y,Z aomic coordinates using the calculator in IMP
(SAS Ingtitute Inc., NC). A similar calculation was per-
formed with ligands bound in allosteric sites.

Regression Analyses
Linear least squares regression models of the form

Yi. =@y + I(Zl Ay Xy

were fitted to each data set, where y; is the corrected
number of replacements at site i, a, is the intercept, a,
are regression coefficients, x; are independent variables,
and n is their number. Preliminary investigations sug-
gested a minimal model of three terms that were highly
significant across al enzymes:

Yy, = g, + a,distance + azaccess + a,ipGly,

where distance from the active site is measured in ,&,
access is the fraction of an individual amino acid side-
chain exposed to solvent, and ybGly; = 1 if the bond
angles at a Gly residue lie in regions where s > —40°
or ¢ < —70° (regions normally unoccupied by residues
with side-chains) and {sbGly; = 0 otherwise. Additional
fits to the larger phylogenies were achieved using linear
models supplemented with additional termsin g; (for H-
bonding, the class of residue occupied at a site—hydro-
phobic, aromatic, polar, charged—proximity to subunit
and domain interfaces, to solvent filled cavities, and mi-
crocavities etc.) or with second- or third-order interac-
tion terms (e.g., access X distance X ydGly). A non-
linear model of the form

ot a,distanceb? azaccessP?
Vo= &t distance |, + access™

which alows sigmoidal fits, was also investigated for
large data sets.



Results
Reliability of the Data

Of the approximately 125 o/B-barrel enzymes
available in the Protein Data Bank, just 25 appear in
table 4, an attrition required to isolate stringently reliable
data sets. Enzymes in table 4 have the following attri-
butes: (1) a Fitch-Margoliash phylogeny with an average
of at least 1.5 amino acid replacements per site, (2) they
are constructed from at least five sequences, (3) al se-
guences are less than 99% identical and, (4) each se-
guence is more than 40% identical to a sequence with
a known structure with (5) no branch longer than 0.3
(mean number of replacements/site), and (6) have no
more than 30% of the amino acid replacements assigned
to branches of length greater than 0.2 (mean number of
replacements/site). Criteria 1, 2, and 3 eliminate small
phylogenies of few replacements, criterion 4 ensures all
primary sequences are sufficiently similar such that ma-
jor differences in protein structure are not likely to be
present, and criteria 5 and 6 limit, but do not eliminate,
the bias toward underestimating the number of replace-
ments per site.

Parsimony estimates of the number of replacements
per site are relatively insensitive to the precise topol ogy
of a phylogeny. With TIM, the correlation coefficient
obtained with the Fitch-Margoliash tree and a randomly
chosen maximum parsimony tree (one of 204 found us-
ing the heuristic search in PAUP*) is 0.997. This result
is both typical and expected—variations in tree topol ogy
occur at nodes supported by few replacements, with the
consequence that most replacements at most sites re-
main unaffected.

Corrections

Parsimony assigns no more than one replacement
per site per branch. This causes the number of replace-
ments to be systematically underestimated, particularly
at rapidly evolving sites on long branches. The hias is
inescapable, although pruning long branches (>0.3) and
restricting those of modest length (0.2 < t; < 0.3) to no
more than 30% of the total length of the phylogeny min-
imizes serious underestimates. Nevertheless, the Jukes-
Cantor—like correction produces a 15% increase in the
mean number of replacements per site (table 4), with
increases exceeding 30% at approximately 4% of sites.
The need to implement the correction necessitated de-
termining its accuracy.

We used computer simulations to assess the accu-
racy of the Jukes-Cantor—ike correction (table 5). All
simulations are based on the trees for enolase and TIM,
using the observed branch lengths (t;) and the observed
distributions of rates of amino acid replacements (\;). In
the simulations, each site i evolves at a constant rate,
with the number of replacements on branch j drawn
from a Poisson distribution with mean \t;. For each site,
the total number of replacements (the *‘ Poisson™” data)
and the number that would be inferred by parsimony
(the “Parsimony”’ data) are recorded. The Jukes-Can-
tor-like correction is then applied to the Parsimony data
to produce the ““ Corrected” data. In the first pair of sim-

Amino Acid Replacements in o/3-Barrels 1855

ulations al sites evolve at the same constant rate (A
constant). As expected of Poisson processes, the mean
and variance values are equal and al variability is sto-
chastic (y/s; = 1). In the second pair of simulations
different sites evolve at different rates, with the \; dis-
tributions taken from the enolase and TIM phylogenies.
Site-to-site differences produce an additional source of
variation that inflates the variance relative to the mean.
Now, only 10% of the variability is attributable to sto-
chastic effects (y/s; =~ 0.1).

These simulations show that, despite the severe
pruning of trees, parsimony significantly underestimates
both the mean and the variance in the numbers of re-
placements across sites (table 5). They also reveal that
the stochastic portion of the variance (y/s?) is consis-
tently overestimated. This is expected. Imagine an ex-
treme case where parsimony inferences are made on a
phylogeny with such long branches that virtually every
site on every branch has at least one replacement. Then
the variance in the number of replacements per site is
severely underestimated (s; — 0) with the consequence
that the mean to variance ratio is overestimated (y/s; —
0

We conclude that parsimony seriously underesti-
mates the number of replacements per site, even on se-
verely pruned trees. Correcting this bias is essential for
reliable analyses. Simulations show that the Jukes-Can-
tor-like correction accurately recovers the mean, the
variance, and their ratio (table 5), with residual biases
far smaller than the stochastic errors inherent to single
replicates.

Reliability of the NCD (r%/p?)

We used simulations to assess the accuracy of
NCD. Data from TIM were used as expectations around
which Poisson sampling effects were simulated. For
each site in the sequence, the simulated number of re-
placements was drawn from a Poisson distribution
whose expectation varied in proportion to the expected
number of replacements per site (from 0.8 to 27). The
NCD was determined using the regression coefficient of
the simulated data against the true expectations and the
PECD. Estimates of the NCD are highly unreliable (fig.
4A) below a mean of approximately two replacements
per site and accurate above a mean of five. The same
general trend is manifest in real data (fig. 4B) regressed
against the minimal model (see Regression Analyses be-
low), although here the observed NCDs are far lower.
We conclude that simulations and real data indicate that
reliable NCDs can only be obtained from large
phylogenies.

Coefficients of Variation

When the rate of amino acid replacements at each
site (\;) is constant, the variance in the number of re-
placements among sites that is attributable to the differ-
ences in rates among sites (05e) iNcreases as the square
of the mean number of replacements per site (), viz.



1856 Dean et al.

6270 6000 + G080  L'GT €0ze ¥'60E'T  9VED ¥BYYE 99/  E€IYST  S20v 2 SIE  MONT ase|opfese. L
7860  2€00 * LSS0  ZVE 6VET 8L ¥2€0 €6TY T198T  6S£C GZST 6 8/z  dVOT eselssuen|fsoquoydsoyd areurjouind
925’0 0100 ¥ 820  ¥¥0E 6'€08 L0V 80Y'0 €8T'6T ZlZy  669CT  669€ 92  S9E El=1 ase|Aso0A |Bsue) auuLenB-vNY1
/870 ¥000 * 6980  ¥90TT  L9¥ES  9'886'% ¥Zr’0 E€€0°0L 6VT6  ¥66'Ty  €89L 9 T  MEVI aseun| slRANIAL T saselesuel |
/TS0 2100 + G520  €7Tee €1SL 0TTL 260 SSZ'8T 6y  90LTT  T08€ ve  vobr NOAT aseA| a1e.1100s|
aseyu/s arydsoyd
6/50 TIO0 * €..0 tvvee 62.6 1'9%9 8v'0  2I6TZ 8G6+7  296CT  6.6€ 2  GeE 2401 -L-erucsojndey-oulcere-a-Axoep-g
/Ty0 9100 * 6190 98 6'08T ¥'STE 6520 769 S8.T  9/5C YT 6 v0.  08art O eseyiufs seRN
200 6200 + 9190  9'89 18 el 820 2.0, AW AN o2 ¥92Z IT 262 dHAT aseyiu/s areuljooidipoipAyia
6.0 S000 ¥ T98'0 ¥6SIT  888ET  L'60E'S EIV0 906'6L 660TT T2ETS Ses6 9y 8l IvAr aseeIpAusp sfeulNAS joUILE-G
8190 8100 + TT.0 €/8 1’85 gee8 8ey'0  9TZTT 6v2€  SOEY 20z €T 2S¢ n3agr Hungns-© aseyjuAs ueydoidAlL
9¥50  8I00 F /890 8T¥ 9921 ZL19 9/€0 0£S0T 862'c  vOv9 8G/C 02  [ZE /GaT (g ssep) esereydsoydsiq 9'T 8sojoni4
Zr7’0 /000 ¥ 880  C9TE 6Y6ET  96TT'T 9.0 /982F 6979  80T6C S6ES 6y OFE  OSVI (T ssep)eserydsoydsiq 9'T 8sonI4 “ "« " e soseh
€190 000 * 6680 /ST z6eL 6'€00'T 2950 €/8%ET  9v9E€T tvOT06 226 TT 8L  9ve W11y asesewos| areydsoyd ssoll)
8650 SI00 ¥ OVL0  €72S 1282 1'8v€ 0 6ST'6T 1867  ¥ISOT  9¥8'€ 95  ¢8¢  AOVT asepWos| 8sojAX SISe.BWOS |
2.0 200 ¥ €90 G/8 ¥'08¢ 002 8950 €£/09 €9TZ  6.9¢€ ¥Z8T €T TOE zedl (ot Ajurey) mmm,mmsx
€T
2870 8I00 * G/S0 889 1'€85 0'se 1120 Sl97 /86T G867 869T TIT 8.9 LyVT Ajwe)) ssesssueliook|B ulnxepooAd
66E£0 2200 + GE90  L't6 zore 88'TZ 520 T90'S €8T  L2T€ 8/ST 2T 86 AWNVT (€T Anwey) ase|Awe-o
ZI¥0 8100 * 6/90 756 £Z6y G'9GT 0820 866TT e¥8'€  195°L 182€ 6T 90c  OOVI (2T Ajwey) sseveon|b-g-1'T—€'T
9ey'0  ZI00 * 6920  T¥SC €0.9 7’66 GEE0  9/2'8T STy veeel  ve9t 2 T2 O1Tl (8T Alwrey) swAzosA|eseuniyy ~- sase|0IpAH
0Zr'0 6200 * 9650  T'TS9 V66T 7692 1520 198G 99T vEYY 0Tzz 1€ 162  TZVI asejonpa apAupp e-esop |y
€IT0 0200 * 6120 0€0T 8'€8T €g 1800 SOLTT 962c 919 Z68C Tr  SOE IMTT  aseusboipAupp ploeisAxoipAy-v-g
TOF0 /200 + €190 Z'8¢ Tv9T LEL 9¥Z’0  2€99 8957  688€¢ 2Tz ST 9Z 08VT asejonpe. ereuoon|B-g-olXIg * " seseusbolpAysQ
€S0 2000 F 6560  L6SYS  £€626T ¢692'0T TIS0 9O/'G/Z  95L°9T 82ve/T 20E¥T  +vOT 6Ty  INOT asejoug " seserIpAued
L0F0  ZI00 ¥ 62L0 S/2 6'G/2 8'90T /620 6616 /18v'Z  8.29 66TC 98 7.8 AT 8sejAxoq.ted areAnuAd jousoydsoud
aseuabAxo
08T0 2000 * TS6'0 €229 L1201 9vveE'T TLTO 8816 6857  VETY9  8ITY 09T 99 AMAT  -9sejAxogred sreydsoydsigesonqly - sese|Axoqeo(eq)
2921 2d AO¢h  sseooy  oouesia 21 /s K 55 q vXv] Sals  gad ANAZNT
[0ue e uea Qoue e, uea
aoN aolIn sosenbs Jo swing HeA W HeA W
peAtesqO pa109.100 Auow s red

SIN3IDIHH430D NOILVIIHHOD

LIS d3d SININIOVIdIY

sasAfeuy UOISSD UBRY JO S1Nsay
v alqel



Amino Acid Replacements in o/3-Barrels 1857

Table 5
Mean and SD Values from 1,000 Iterations
Variance
Number of Mean/Site Enolaseance Mean/Variance
Run Enzyme Data Replacements y £ SD & = SD ylss = SD
\ Constant ... .. Enolase Poisson 5,700 + 62 13.604 + 0.148 13.360 + 0.921 1.023 = 0.070
Parsimony 5,269 + 54 12.575 + 0.130 10.568 + 0.713 1.195 + 0.070
Corrected 5,676 = 63 13.546 + 0.150 14.104 + 0.982 0.965 *+ 0.066
TIM Poisson 3,036 = 44 12.340 + 0.178 12.339 + 1.129 1.008 + 0.091
Parsimony 2,776 + 38 11.286 + 0.155 9.377 = 0.844 1.213 = 0.109
Corrected 3,004 = 44 12.213 + 0.180 12.732 + 1.777 0.967 = 0.088
\ Variable. .. ... Enolase Poisson 5,700 = 65 13.603 + 0.154 168.287 + 5.603 0.081 = 0.002
Parsimony 4,942 + 53 11.796 = 0.126 110.731 = 3.180 0.107 £ 0.002
Corrected 5592 + 67 13.346 + 0.160 158.986 + 5.606 0.084 = 0.002
TIM Poisson 3,054 + 49 12.416 = 0.201 109.338 + 5.351 0.114 + 0.005
Parsimony 2,627 = 40 10.681 + 0.162 69.470 = 2.903 0.154 = 0.005
Corrected 2,952 + 50 12.001 = 0.203 97.937 = 4.917 0.123 + 0.005

03tes = 21 (NT — AT)2 = (>\T)2-i2l (N — 1)2
=02 — p = p2(s/\)?
where T = XMt is the total length of the tree and
(s/N)?, the coefficient of variation in rates, is defined as
constant. A plot of logy, (S5 — Y) against logy, (y) is a
straight line of slope = 2 with a y-axis intercept of 2
logio(s/N). When the corrected data in table 4 are so
plotted they yield a line with slope = 1.97 + 0.06 and
s/A = 0.88 = 0.03 (fig. 5).

Caution is warranted when interpreting this log-log
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Fic. 4—Estimates of the NCD (r?p?) are unreliable when the
mean number of replacements per site (y) is less than 1.5. (A) Simu-
lated data are regressed against the known underlying model. (B) Cor-
rected data from 37 enzymes are regressed against the minimal re-
gression model.

plot. Data inevitably cluster near the line when, as here,
the range on the x-axis (log;, (Y)) is so very much great-
er than the range on the y-axis intercepts (log,g (S/\)).
Indeed, the 95% confidence intervals indicate that a
third of the enzymes deviate significantly from the line.
Nevertheless, variability in the coefficients of variation
is modest, with sly varying from 0.74 to 1.04 and with
80% of the data within 0.1 of the mean of 0.85. The
obvious exception is ribulose-1,5-bisphosphate carbox-
ylase (RUBISCO; not otherwise included in the analy-
sis) with its dramatic deviation symptomatic of rates far
more variable than is typical of o/B-barrel enzymes.
These observations suggest that the distributions of ami-
no acid replacements in many «o/B-barrel enzymes are
similar, though not identical.

100 1 RUBISCO i

-y

2
(s}

y

Fic. 5—A simple Poisson process predicts that the proportion of
variation attributable to causal effects (s — ) increases as the square
of that attributable to stochastic effects (y). With the notable exception
of RUBISCO, data from the remaining 24 o/B-barrel enzymesyield a
slope of 1.97 = 0.06, with relatively little scatter on this log-log plot.
This suggests that protein evolution is dominated by a common set of
rules, with variations on a general theme indicated by the 95% confi-
dence intervals that do not overlap the fitted line.
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Fic. 6.—Frequency spectra of the number of replacements per
site for 25 o/p-barrel enzymes after normalizing their mean values (y)
to 1. Twenty-four of the enzymes appear to share a common distri-
bution or set of similar distributions (®). RUBISCO (O) is exceptional
in having so different a frequency distribution.

Frequency Distributions

To determine if o/B-barrel enzymes have similar
frequency distributions of amino acid replacements per
site we normalized our data such that each enzyme has
an average of one amino acid replacement per site. This
allows enzymes with few replacements per site to be
directly compared with ones with many replacements
per site. Of the 25 enzymes studied, 24 appear to share
a common distribution (or a set of similar distributions)
in which sites with many replacements are far less fre-
quent than expected for a simple exponentia decay (fig.

6). RUBISCO is the clear exception with sites having a
moderate number of replacements being relatively rare,
whereas those with many replacements are far more fre-
quent than is typical.

Regression Analyses

The corrected number of replacements per site were
regressed against distance from the catalytic center and
solvent accessihility, while treating glycine residues
with unusual ¢ and s angles as a separate class. For this
minimal model the observed coefficients of determina-
tion average 2 = 0.36 += 0.09, whereas the PECDs av-
erage p2 = 0.73 = 0.11. This indicates that, on average,
half the causal variation (0.36/0.73 = 0.50) is explained
using just df = 3. Two outliers, RUBISCO and a-hy-
droxysteroid dehydrogenase, are discussed later.

We investigated additional models of amino acid
replacement rates for four of the largest data sets (eno-
lase, TIM, 5-aminolevulinate dehydratase [5-ALDH]
and class-1 fructose 1,6 bisphosphate aldolase [F16BRI])
and where most variation is causal. Improvementsin the
fits obtained by adding additional terms to the minimal
model are marginal, given the expenditure in degrees of
freedom—the NCD increases by approximately 15% at
a cost of over 25 df (table 6). Treating the two domains
of each enolase monomer separately improves the NCD
by only 2%. Distinguishing the amino terminus of each
5-ALDH monomer from the remaining o/B-barrel (the
first 27 amino acids form an extend tail) produces no
improvement in the fit. Including the x,y,z coordinates
of the Ca carbon atoms typically improves the NCD by
approximately 5%, suggesting that weak directional gra-
dients in the frequency of replacements across mono-
mers are fairly common. Accounting for secondary
structure (a-helix, B-sheet, B-bulge, turn, random coil)
produces even less improvement. Hence, secondary

Table 6
M odifications to the Minimal Regression Model
ADDITIONAL NCD
VARIABLE DF Enolase TIM 5-ALDH F16BPI

Minima Model (df = 3)....... — 0.543 0.613 0.479 0.442
Domain (A-B)................ 1 0.566 0.479
XoYiZ e 3 0.599 0.694 0.515 0.521
Secondary structure . .......... 4 0.552 0.643 0.531 0.483
HSBTE

Rotamers.................. 1 0.545

Nonplanar peptide bonds. . . . . 1 0.545

Mainchain................. 1 0.546

Buried hydrophyllic......... 1 0.545

Sch-Sch H-bond. . .......... 1 0.558

Sch-Mch H-bond. .......... 1 0.545

Mch-Mch H-bond .......... 1 0.545

AA-water-AA . ............ 1 0.545

Intersubunit H-bond. . ....... 1 0.552

Sch H-bond to water .. ...... 1 0.545

Sch H-bond (pooled) . ....... 1 0.563

AA . 19 0.598 0.692 0.610 0.499

All oo 32(26) 0.671 (0.783) (0.676) (0.618)

NoTte.—The assumptions underlying use of F tests are violated, hence, statistical significance is not assessed.



structure exerts little influence on amino acid replace-
ment rates.

Side-chain rotomers that clash with the main-chain
and other side-chains are sufficiently rare that assigning
them a unique class has a negligible effect on the fit. In
any case, a structure with many errant side-chain roto-
mers is probably poorly determined and should not be
analyzed. Nonplanar peptide bonds, unusua main-chain
conformers (excluding Gly residues), and buried
charged residues are each sufficiently rare that they too
contribute little to the overall fit. Accounting for various
H-bonding patterns in enolase (between side-chains, be-
tween side-chain and main-chain, between main-chains,
and to water) improves fits marginally—pooling all
types produces a 1.5% increase in the NCD. Including
the 20 amino acids of the structure sequence improves
the NCD by approximately 5%. The improvement is
largely attributable to Arg, Asp, Glu, and Pro being sig-
nificantly more conserved than that predicted by the
minimal model, whereas Lys frequently occupies sites
that rapidly evolve. Overall, improvements to the min-
ima model come at the expense of many degrees of
freedom, suggesting that many variables, each of small
effect, contribute to amino acid replacement rates. This
does not exclude the possibility of another, as yet un-
identified, variable having a major effect.

Introducing interaction terms (e.g., distance X ac-
cess) aso produces small (<5%) improvements in the
NCD at the expense of a large number of degrees of
freedom. When the TIM data are fitted to the minimal
model supplemented with X,y,z coordinates, the NCD
rises from 0.69 to 0.72 when 10 second-order interaction
terms are included (no interaction terms with glycine are
included because of a lack of degrees of freedom) and
then to 0.75 when al 26 third- and fourth-order inter-
actions are included. Similar results are obtained when
the same models are fitted to enolase data with the NCD
rising from 0.60 to 0.61 and then to 0.63. We conclude
that interactions between variables are of little
consequence.

There is no theoretical reason to suppose that ami-
no acid replacement rates should be a linear function of
distance, access, or any other metric associated with pro-
tein structure. We therefore explored a nonlinear version
of the minima model based on the Hill equation of en-
zyme Kinetics, an equation that displays a wide variety
of behaviors from hyperbolic to sigmoid. For many data
sets, fits do not converge. When fits did converge, in-
creases in the NCDs were again margina (not shown).

We conclude that distance from the active site, sol-
vent accessibility, and glycine residues at constrained
positions in the main-chain explain approximately 50%
of the variability in rates of evolution not attributable to
chance. Other variables, including secondary structure,
and interactions account for only a small proportion of
the observed variation.

Discussion

Standard regression investigates only deterministic
dependencies among variables—stochastic errors are not
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modeled. Consequently, the expected correlation coef-
ficient of a*perfect’” regression model must be less than
+1 when stochastic errors are present. A model with a
low correlation coefficient may indeed be of high quality
if the remaining scatter is attributable to these errors.
Improving such a model is impossible. This presents
researchers with a very real quandary. Should they at-
tempt to further refine a model and risk wasting precious
time and resources analyzing random errors or should
they abandon the model and risk missing some impor-
tant effect? In the absence of a germane statistic, the
decision must be based on other, subjective, criteria

A solution in the special case of Poisson-distributed
errors is possible. The reason is that the grand mean
() of summed Poisson distributions provides an esti-
mate of the stochastic error that is entirely independent
of the observed variance. This is not true for other dis-
tributions. For example, the grand mean of summed nor-
mal distributions provides no information about vari-
ances, whatever their source.

Each site in a protein accumulates amino acid re-
placements according to its own Poisson process.
Though the rate at each site may vary independently of
others, or coordinately with them (producing branch
length effects), the overall process at each site is still
Poisson when we condition on al historical contingen-
cies. With evolution of a Poisson process, the proportion
of site-to-site variation due to chance (y/s7) can be par-
titioned from that due to unspecified causal effects (p2
=1 - VIs).

Thisﬁ mple calculation allows us to concentrate on
data with high information content. We decided that at
least half the observed variation should be causal (p2 >
0.5) to warrant further analysis, a criterion that corre-
sponds (roughly) to a phylogeny of 10 sequences aver-
aging 1.75 replacements per site. Only 25 of 125 o/B-
barrel structures in the Protein Data Bank, with phylog-
enies pruned of long branches and highly divergent se-
quences, satisfied this criterion on August 1, 2000 (table
4). Very large phylogenies (75 sequences averaging 10
replacements per site) are necessary if more than 90%
of the variation is to be ascribed to causal effects. Few
proteins of known structure are associated with such
large phylogenies.

Despite pruning trees to remove branches longer
than 0.3, parsimony underestimates both the mean and
the variance in the number of amino acid replacements
per site and overestimates their ratio. These biases are
severe and a correction is essential to any reliable anal-
ysis (table 5). A Jukes-Cantor—like correction accurately
recovers the mean, the variance, and their ratio, with
remaining biases far below the stochastic noise inherent
to the data. The only additional assumption needed for
this correction is that changes in evolutionary rate affect
al sites proportionally.

Approximately half of the causal variation is ex-
plained by just df = 3: distance from the active site,
solvent accessibility, and glycines in unusual main-chain
conformations (table 4). Like several recent analyses
(Bustamante, Townsend, and Hartl 2000; Goldman,
Thorne, and Jones 1998), we confirm that solvent ac-
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FiG. 7—A van der Waals model of an a-helix from TIM that comprised residues 18-31: white, 0-10 replacements; gray, 11-20 replace-
ments; black, 21-32 replacements. Typical of many amphipathic a-helices in o/B-barrels, the buried face (left) evolves far more slowly than

the solvent-exposed face (right).

cessibility is a major determinant of amino acid replace-
ment rates. We also show that distance from the active
sites equals, and sometimes surpasses, solvent accessi-
bility in importance (see the regression sums of squares
in table 4). Glycines in unusual main-chain conforma-
tions make significant contributions to the regression
sums of squares because they are highly conserved.

Asp, Glu, Arg, and Pro tend to be more conserved
than expected, given their positions in crystal structures
(data not shown). The first three are charged and their
side-chains can H-bond to other polar and charged side-
chains, but there is no correlation here: His occupies
sites that evolve at expected rates, whereas Lys tends to
occupy rapidly evolving sites. H-bonding among these
and other polar side-chains does not contribute much to
the fit (table 6). Asp sometimes plays a structural role
in capping the dipole at the amino termini of a-helices
but not so frequently to explain this level of conserva-
tion. Pro too is more conserved than most residues, per-
haps because it often plays an important structural role
by restricting acceptable main-chain conformations (its
side-chain being covalently attached to the main-chain
nitrogen). However, there is as yet no definitive method
to predict, from structural data alone, which Pro residues
will be conserved and which are free to evolve.

A surprising result of our analysisis that secondary
structure has little predictive power regarding rates of
evolution (table 6). TIM provides a typical example.
Alone, secondary structure produces an NCD of ¢? =
f2/p? = 0.12, with helices evolving more rapidly than
sheets and with turns and random coils having inter-
mediate rates. When used to supplement the minimal
model (distance, access, JibGly) secondary structure im-
proves g? from 0.613 to 0.643, an increase of only 0.03.
The difference (0.12 vs. 0.03) arises as a conseguence
of the construction of a/B-barrels (fig. 2). The sheets,
which contain residues forming the active site, are bur-
ied in the hydrophobic core of the barrel. The helices,

farther from the active site and forming the perimeter of
the barrel, have faces exposed to solvent (fig. 2). Hence,
the helices of o/B-barrels evolve more rapidly than do
sheets, not because they have any innate tendency to do
so but because their position and exposure to solvent
place them in regions where the functional and structural
consequences of amino acid replacements are less se-
vere. Indeed, sites in helices exposed to solvent evolve
far more rapidly than those buried against the hydro-
phobic core (fig. 7). Secondary structure is of little con-
sequence in determining rates of amino acid
replacement.

The broad pattern of replacement rates is remark-
ably consistent among o/B-barrel structures (fig. 8). This
istrue, regardless of peptide length, primary, secondary,
tertiary, and quaternary structures, presence of addition-
a domains, catalytic chemistry used, the number and
kinds of substrates used, kinetic behavior, mechanism of
regulation, biochemical and physiological roles, and
taxa anayzed (tables 3 and 4). The F16BRI and
F16BRIl are particularly interesting in this regard.
Though they carry out precisely the same overall chem-
ical reaction, cleaving the same Cg substrate into the
same two C; products, they display no evidence of ho-
mology and use unrelated chemistries. Catalysis in
class| enzymes (cyanobacteria, plants, and animals)
proceeds through a lysyl Schiff-base, whereas class-11
enzymes (cyanobacteria, bacteria, and fungi) use a di-
valent metal to stabilize the enolate intermediate (Walsh
1979). Their disparate chemistries and similar functions
provide a striking example of convergent evolution at
the biochemical level. Yet, despite the lack of homology
and despite having distinct catalytic mechanisms, the
frequency distributions and the patterns of amino acid
replacements are similar.

Although the frequency distributions are similar
among o/B-barrels (fig. 6) they are not identical—many
confidence intervals fail to encompass the fitted line in



Amino Acid Replacements in o/3-Barrels 1861

FiG. 8.—van der Waals representations of three a/B-barrel enzymes with amino acids shaded according to the number of replacements per
site. Data were normalized to a mean of one replacement per site to facilitate comparisons among the three proteins. A cross-section through
(A) monomeric plant acidic chitinase reveals the inhibitor allosamidin (sticks with dot surface) bound in a conserved active site (white residues),
with rapidly evolving sites (black residues) located at the surface. A similar pattern is seen in (B) homodimeric enolase where residues at buried
surfaces between the active sites (hatched substrates) evolve more slowly than do those exposed to the solvent. In (C) homodimeric TIM, surface
residues surrounding the left-hand active site (stick substrate with dot surface) are conserved, whereas those on the opposite face of the enzyme,
seen in the right-hand subunit, evolve rapidly. In al three examples, rapidly evolving residues lie farther from the active sites, regardless of

whether they are (A and B) buried or (C) solvent exposed.

figure 6. Most deviations are minor and might arise from
the many variations in size and shape among these en-
zymes. For example, the greater surface area—volume
ratios in monomers might inflate the heterogeneity in
rates compared with tetramers where much of the sur-
face is buried at subunit interfaces.

RUBISCO is a notable exception to the above gen-
eralization. Its frequency spectrum of amino acid re-
placements differs dramatically from others in having
far higher proportions of both slowly and rapidly evolv-
ing sites (fig. 6). Inspection of the structure reveals the
typical overall pattern; a conserved active site surround-
ed by evolving sites, with the most rapidly evolving sites
being remote and exposed to solvent. The structure of-
fers no obvious explanation as to why the frequency
spectrum should differ so markedly. It also does not
offer any obvious insight into why the minimal regres-
sion model fits so poorly (g? = 7%/p? = 0.18; table 4),
save that the greater site-to-site variability in rates,
spread throughout the structure, reduces the correlation.

Analysis of the aldo-keto reductases also yields a
poor fit to the minima model (g7 = 7%p2 = 0.21).
Found in eukaryotes and prokaryotes, these enzymes be-
long to a diverse superfamily, sharing obvious sequence
identity, a common structural fold, and a common cat-
alytic mechanism but having widely different biological
functions (Jez et al. 1997). Upon further investigation
we discovered that the cause of the poor fit (g7 = 2/p?
= 0.113; table 4) is attributable to a cluster of hydroxy-
steroid dehydrogenases (HSDs) and allied enzymes.

Once the HSDs are removed, the remaining aldo-keto
reductases behave in a fashion typical of many other
superfamilies (g2 = 72/p2 = 0.42; table 4), with the most
rapidly evolving sites scattered over the surface, well
away from the active site (fig. 9A). In stark contrast, the
most rapidly evolving sites in the HSDs cluster on either
side of the substrate-binding cleft in the active site (fig.
9B). These replacements are concentrated in three loops
that, when introduced into mammalian 3a-HSD from
20a-HSD, switch specificity from androgens to proges-
tins (Ma and Penning 1999).

Though the acquisition of diverse physiological
functions by HSDs (they are central to the metabolism
of androgens, estrogens, glucocorticoids, mineralocorti-
coids, and progestins) is sufficient to account for the
existence of adaptive replacements in the binding cleft,
it is not sufficient to explain the high rate of replace-
ment—43% of the replacements at these sites are attrib-
utable to replacements within each functional class (3a-
HSD, 17B-HSD, 20a-HSD, dihydrodiol reductase, A“-
3-ketosteroid 5B-reductase, and treating highly diver-
gent 3a-HSD isozymes of human prostate and rat liver
as different functionalities). The remaining aldo-keto re-
ductases are also functionally diverse (e.g., biosynthesis
of vitamin C in bacteria, production of sorbitol in mam-
mals, mannitol biosynthesis in plants, xylose fermenta-
tion in yeasts, metabolism of neurotransmitter alde-
hydes, and possibly detoxifying assorted reactive car-
bonyls; Jez et a. 1997). Yet, replacements occur in these
active sites at rates that are far lower than those in the
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Fic. 9.—Cross-eyed stereo view of (A) aldose reductase showing the 15 most rapidly evolving sites (van der Waals surfaces) distributed
over the surface and well outside the active site cleft in which are bound coenzyme (black sticks) and substrate (gray sticks). In the structurally
and mechanistically related (B) HSDs the 15 most rapidly evolving sites cluster around the substrate-binding site.

HSDs and with only one rapidly evolving site anywhere
near the substrate-binding cleft (fig. 9). Although a con-
vincing explanation for this marked difference in the
pattern of amino acid replacements among such similar
homologues awaits thorough phylogentic sampling, it is
tempting to speculate that the HSDs, implicated in reg-
ulating sex hormone levels, may be subject to strong
selection as life histories are fine tuned.

A reasonable fit (g7 = 72/p%? = 0.6, table 4) is ob-
tained when our simple model is applied to xylose isom-
erase. However, when residues with the 25 highest nor-
malized deviations (observed/expected — 1) are plotted
onto the protein structure, they form two contiguous
bands, each flanking pairs of active sites in the tetramer
(fig. 10). These “‘rings of fire’ are not caused by the
small number of expected replacements at sites near the
active site—at only three of the 15 sites is the expected
number of replacements less than one, and at other sites
in the vicinity there is no tendency toward high nor-
malized deviations. Similar patterns are not evident in
other proteins—in pyruvate kinase, another large tetra-
meric enzyme, such sites are scattered haphazardly
throughout the structure. The cause of these rings of fire
remains a mystery, although their proximity to the active

sites is suggestive of mechanistic consegquences subject
to natural selection.

Conclusions

A simple statistical analysis of the distributions of
amino acid replacements in o/B-barrel enzymes reveals
that large phylogenies with many replacements are re-
quired to reduce the stochastic noise inherent to phylo-
genetic data to tolerable levels. Also, these large phy-
logenies should consist of many short branches so that
corrections for multiple hits, essentia to reliable anal-
yses, remain but short extrapolations. Few proteins of
known structure are associated with such phylogenies.
Indeed, much literature illustrates the limited use of so-
phisticated statistical approaches when applied to mar-
ginal data

The patterns and distributions of amino acid re-
placements among o/B-barrel enzymes are remarkably
consistent, regardless of their diverse biochemical, met-
abolic, and biological roles. Indeed, fully half of the
variation attributable to causal effects is explained by a
simple regression model consisting of nothing more than
solvent accessihility, distance from the active site, and
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Fic. 10.—Cross-eyed stereo view of a homotetramer of xylose isomerase showing the contiguous rapidly evolving sites (van der Waals
surfaces) that form bands on the sides of the active sites (black metal ion).

treating glycines occupying unusual main-chain confor-
mations as a separate class. Other factors, notably sec-
ondary structure, exert little influence.

These results are general. The existence of addi-
tional domains in o/B-barrels have no obvious effect,
but the simple model proves an equally good fit to iso-
citrate dehydrogenase, an enzyme that completely lacks
an o/B-barrel (Dean and Golding 2000). On rare occa-
sions when, as in the active site of HSDs, biological
necessity disturbs the general pattern, a goodly portion
of the causal variation in rates remains explainable by
overal structural considerations. Nevertheless, our sim-
ple statistical analysis reveals that a considerable portion
of the remaining unexplained variation is not attribut-
able to chance. Other, as yet unidentified forces, must
influence protein evolution.
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