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ABSTRACT In this report, we demonstrate that
phylogenetic motifs, sequence regions conserving
the overall familial phylogeny, represent a promis-
ing approach to protein functional site prediction.
Across our structurally and functionally heteroge-
neous data set, phylogenetic motifs consistently
correspond to functional sites defined by both sur-
face loops and active site clefts. Additionally, the
partially buried prosthetic group regions of cyto-
chrome P450 and succinate dehydrogenase are iden-
tified as phylogenetic motifs. In nearly all instances,
phylogenetic motifs are structurally clustered, de-
spite little overall sequence proximity, around key
functional site features. Based on calculated false-
positive expectations and standard motif identifica-
tion methods, we show that phylogenetic motifs are
generally conserved in sequence. This result implies
that they can be considered motifs in the traditional
sense as well. However, there are instances where
phylogenetic motifs are not (overall) well conserved
in sequence. This point is enticing, because it implies
that phylogenetic motifs are able to identify key se-
quence regions that traditional motif-based ap-
proaches would not. Further, phylogenetic motif re-
sults are also shown to be consistent with evolutionary
trace results, and bootstrapping is used to demon-
strate tree significance. Proteins 2005;58:309-320.
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INTRODUCTION

The identification of regions responsible for protein
stability and function is an especially important post-
genomic problem.! There have been several recent at-
tempts to predict functional sites from sequence alone.
Sequence motifs have been used with some success in this
endeavor®?; however, motif-based approaches result in too
many false positives to be useful in large-scale analyses.
Phylogenomic techniques, which use evolutionary informa-
tion to improve functional classification accuracy, are
particularly useful in large-scale analyses.* Similarly,
methods that search for evolutionary trace (ET) residues,’
or positions that define subfamily classification within a
phylogenetic tree, frequently correspond to sites critical to
function. ET methods, and others like it,® identify key
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features structurally clustered around substrates and
dimer interfaces.'®~'® It has also been shown that ET
positions form statistically significant clusters.!” Using
structural clusters, the utility of the ET method in large-
scale postgenomic endeavors has been established.'®

We have demonstrated that motifs taken from regions
known to be functionally important a priori conserve the
overall phylogeny of the family. Using the ubiquitous
enzyme copper, zinc superoxide dismutase (CuZnSOD), we
have shown that a contiguous subsequence taken from 3
functionally annotated motifs, each 5-10 residues long
and representing less than 10% of the overall alignment,
conserve the overall phylogeny of the family.'® Functional
annotation was determined by the experimental mutagen-
esis results of Bordo et al.2° Using the same strategy, we
have shown that functional motifs taken from the enolase
superfamily also conserve the overall phylogeny. Due to a
lack of sufficient functional annotation, enolase superfam-
ily functional regions were identified from calculated pK,
shifts.?! In both instances, randomly generated test cases
of the similar lengths fail to reproduce the overall phylog-
eny.

In this report, we demonstrate the usefulness of using
motifs conserving the overall familial phylogeny [termed
phylogenetic motifs (PMs)] as functional site predictions.
Reversing the previous scenario, we find that PMs are
frequently associated with key functionality. The ability of
our approach to identify functional sites is conserved
across a structurally and functionally heterogeneous data
set. Our exemplar protein data set (Table I) includes
single- and multidomain proteins, monomer and protein
complexes, and is representative of the 4 main Structural
Classification of Proteins (SCOP) classes.?? Inasmuch as is
possible, structure is used to determine the accuracy of the
PM predictions. PM functional site predictions are mapped
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TABLE I. Summation of Results on Our Protein Data Set®

Number Average Z-score Number  SCOP Example
Protein family sequences Shannon S threshold ph. motifs class PDBID
Acetylglucosamine-6-phosphate deacetylase 42 2.34 —2.2 6 o/ 1012
Alcohol dehydrogenase 82 2.48 —22 6 o/B 1JVB
CuZnSOD 124 148 —-15 5 B 1SPD
Cytochrome P450 71 3.02 -22 6 a 1IN4G
Enolase 73 1.63 -2.0 5 o/B 20NE
Glycerolaldehyde-3-phosphate dehydrogenase 94 2.02 -1.8 4 at+B 1DC4
Glycerol kinase 53 1.79 -2.0 8 o/ 1BO5
Glutamate dehydrogenase 67 2.21 -1.8 8 o/B 1HWZ
Inorganic pyrophosphatase 60 2.19 —-2.2 3 B 116T
Myoglobin 102 143 -15 4 (x 1IMBA
Succinate dehydrogenase—FAD 84 2.50 -2.0 7 o/B INEK
Succinate dehydrogenase—Fe/S 64 2.19 -2.2 4 at+B INEK
Succinate dehydrogenase—heme-binding/lipid 27 2.32 —2.2 2 a INEK

bilayer anchor

TATA box—binding protein 25 1.73 -15 5 at+B 1TBP
Triosephosphate isomerase 70 2.32 -15 6 o/ 7TTIM

2A sequence window width of 5 is used in each of the above examples.

onto closely related protein structures to establish predic-
tion accuracy.

The PM approach is similar in spirit to the ET methods.
In essence, PMs identify sequence clusters of ET positions.
A thorough comparison of the predictions from the 2
methods is provided below. There is significant overlap
between the results. However, some subtle differences
occur. PMs tend to be more structurally clustered around
key functionality than trace residues, especially substrate
epitopes. Consistent with previous trace residue observa-
tions,?®> PMs are also generally conserved in sequence;
thus, they can be considered motifs in the traditional
sense. Therefore, we conclude that PMs often represent a
subset of motif space. This result is notable because PMs
are identified by tree topology only. We also critically
examine the sensitivity of our unique approach to adjust-
ing the key window width and phylogenetic similarity
threshold parameters.

METHODS
Phylogenetic Motif Identification

We employ a sliding sequence window algorithm to
comprehensively evaluate the phylogenetic similarity of
each window compared to that of the complete alignment.
An input alignment is parsed into a series of windows of
predetermined length. A phylogenetic tree is used to
cluster each window based on sequence. The similarity
between each window and the overall tree is computed
from their topological similarity using the partition metric
algorithm.?* The partition metric simply counts the num-
ber of outgroups found in one tree or the other, but not
both, meaning it counts the number of topological differ-
ences. Therefore, the smaller the partition metric is, the
greater the tree similarity. PMs represent overlapping
windows displaying significant tree similarity. Empiri-
cally, we find that short sequence windows, length 5-10,
are the most sensitive [Fig. 1(A)]. Larger window sizes are
less able to identify statistically significant regions conserv-

ing phylogeny. Highly gapped windows (with more than
50% of the alignment positions that are more than 50%
gapped) are purged. The number of gapped motifs is very
low (less than 5%) for any portion of the protein other than
the terminal ends. In this work, myoglobin and CuZnSOD
sequences are taken from SWISS-PROT,?® with all fossil
and remote homolog sequences purged. The only se-
quences that have been purged are sequences with differ-
ent functions. All other sequences are from the recently
updated version of the Clusters of Orthologous Groups
(COG) database.?%27 All orthologs are included in the
familial alignments—none are purged. Multiple sequence
alignments are constructed using CLUSTALW.2® CLUST-
ALW is not always the best alignment method, especially
in cases with appreciable sequence divergence. However,
this is not an issue owing to the high sequence similarity in
the data sets. The average column Shannon entropy score
(in “bits”) for each masked alignment is given in Table I
(lower scores indicate higher conservation); alignment
masking involves deleting positions with more than 50%
gaps. Additionally, the computational speed of CLUST-
ALW, compared to T-Coffee,?® for example, makes it
attractive for large-scale analyses.* Phylogenetic trees are
calculated using the distance-based algorithms within
CLUSTALW and PHYLIP.3° Distance-based approaches
are used to ensure computational efficiency as well. Addi-
tionally, as Kuhner and Felsenstein®' point out, distance-
based approaches sometimes outperform maximum likeli-
hood methods on short sequences. Phylogenetic similarity
is quantified using z scores calculated from the partition
metric distribution. (Lower partition metric values, and
thus lower z values, indicate higher phylogenetic similar-
ity.) Plotting the phylogenetic similarity z scores (PSZs)
against window number facilitates sequence comparison
[Fig. 1(A)].

After all phylogenetic comparisons are made, the PSZ
threshold can be adjusted to alter what constitutes a “hit.”
The threshold can be adjusted to be more stringent or more
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Fig. 1. (A) Empirical results indicate that smaller window widths give much better signal to noise. All TIM

window PSZs are plotted against window number. From bottom to top, the series represent window widths of 5,
7,9, 11, 13, 15, 18, 21, 24, and 27. Each subsequent series has been shifted upwards by 4 to facilitate
comparisons. Some series have been shifted left or right to overlap corresponding regions. Window widths
greater than ~11 do not give any signal appreciably greater than noise. In the text, all discussed results use a
window width of 5. (B) There is a strong linear correlation between phylogenetic and traditional motif scores.
This correlation falls off sharply with increasing window size.

accommodating. Relaxing the z-score threshold identifies
regions with no obvious functional relevance. On the other
hand, setting the threshold too stringently will result in a
large number of false negatives. We have empirically
examined the effect of adjusting the z-score threshold.
Comprehensive testing of window widths between 2 and
30 on our structurally heterogeneous data set indicates
that a window size of 5 and a PSZ threshold between —1.5
and —2.0 are generally best at identifying regions structur-
ally clustered around the active site. PMs are defined as all
overlapping windows scoring past the PSZ threshold. Our
results also indicate that the likelihood of PMs to corre-
spond to functional sites is largely independent of the
number of familial sequences within the original align-
ment. Sequence data sets range from 25 (TATA box-—
binding protein) to several hundred (see Table I). In each
example, annotating the identified PMs (using the above
parameters) as functional is consistent with structural
and biochemical data.

All identified PMs are compared to ET predictions.
ET predictions are made using the Evolutionary Trace
Server (http:/www-cryst.bioc.cam.ac.uk/~jiye/evoltrace/
evoltrace.html), a web implementation of the approach.%!*
Starting with the same alignments as above, the Evolution-
ary Trace Server uses PHYLIP®® to build a phylogenetic
tree. Ten tree partitions (cut levels) are examined in each

example. Results are plotted against the sequence of the
structural examples to facilitate comparisons.

Bootstrap Analysis

Tree stability is gauged using bootstrap analysis. The
SEQBOOT feature in PHYLIP is used to generate 100
resampled bootstrapped data sets. Bootstrapping is gener-
ally employed to test the significance of internal portions of
a given tree. For example, the CONSENSE feature in
PHYLIP computes a consensus tree from the resamples
and scores the stability of each outgroup. Ranking global
tree significance is more problematic, especially when not
considering the underlying sequence data.??> The problem
arises from the fact that even a single pair of adjacent
leaves conserved between two trees is usually enough for
probability-based approaches to ensure that the trees are
significantly closer than random. To test global tree stabil-
ity, we again rely on topological similarity. The topology of
each resampled tree is compared to the original. Tree
stability (which ranges from 0 to 100) is the count of
resampled trees with normalized partition metric scores
below some threshold (as before, lower partition metric
scores indicate higher tree similarity). The partition met-
ric indicates the number of outgroups that vary between
the two trees in question. These scores are normalized by
dividing by the theoretical maximum number of possible
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Fig. 2. PMs consistently correspond to key functional sites. This figure shows a sampling of the 15 structurally diverse examples studied here.
Colored spheres represent PM a-carbons; varying colors correspond to each identified PM. Identified PMs are structurally clustered and correspond to
functional sites defined by the plastic loop regions of (A) TIM, (B) CuZnSOD, and (C) TATA box-binding protein; the active site clefts of (D) myoglobin
and (E) glycerol kinase; and the partially buried heme binding region of (F) cytochrome P450. Substrates are colored yellow and correspond to (A)
phosphoglycolohdroxamic acid, (B) copper and zinc cations, (D and F) heme, and (E) glycerol. For reference, the second chain of the TIM homodimer is
also shown in yellow; the second chain of the CuZnSOD is not shown.
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differences. We employ a threshold equal to 20% of the
normalized value. For example, the theoretical maximum
number of differences in the triosephosphate isomerase
(TIM) trees is 138. Therefore, the tree stability metric
counts the number of resampled trees with less than 0.2 X
138 = 28 outgroup differences between it and the original.

False-Positive Expectation Calculation

Motif false-positive expectation (FPE) is calculated in a
manner reminiscent of eMOTIF.?? A regular expression is
generated for each window, from which an FPE is calcu-
lated. This is the likelihood of encountering each motif
randomly. Unlike with eMOTIF, substitution groups are
not used in generating the regular expression. Background
probabilities of each residue observed in a position are
summed, resulting in the likelihood of randomly encounter-
ing a residue included in that position. The overall likeli-
hood of randomly encountering a given sequence is calcu-
lated by multiplying the probabilities calculated for each
position. For example, the FPE of the regular expression
A[V,LLIT[K,R]P is calculated by the equation:

p(motif) = p(A)[p(V)+p(D+pI)]-p(T)-[p(K)+pR)]-p(P).

Background probabilities are calculated from the updated
version of the COG database. Although not theoretically
rigorous, gaps are treated as a “21st amino acid.” Residue
and gap probabilities are determined from the alignments
of each orthologous group with the COG database. To
eliminate overbiasing gaps, alignment positions with more
than 50% gaps are not tabulated. The resulting gap
probability is slightly less than alanine, the most probable
residue within our data set. Future work will attempt to
more rigorously account for gap probabilities. While sim-
plistic, the approach is corroborated through comparison
to a more sophisticated (traditional) motif identification
method (MEME).

MEME-Identified Motifs

To confirm the generally conserved nature of the PMs,
MEME?* is also used to identify motifs in each example.
MEME uses expectation maximization to identify con-
served regions in a set of ungapped DNA or protein
sequences. We have demonstrated that using MEME with
a single set of robust parameters is suitable for heteroge-
neous data sets.?® Here, custom settings include a mini-
mum and maximum motif width of 10 and 20, a motif
model biased toward 0 or 1 motif occurrence per sequence,
a maximum motif search number of 5, and an E value
threshold of 0.01.

RESULTS AND DISCUSSION
Molecular Examples

Triosephosphate isomerase (TIM) exemplifies the connec-
tion between PMs and protein functional sites. The TIM-
barrel fold is one of the most ubiquitous in nature.?® The
active site is defined by loop regions at the top of the barrel
that connect the p—a—B segments. This modular design
allows large amounts of sequence plasticity, which is
necessary to catalyze such a wide variety of chemical
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Fig. 3. Mapping the TIM PMs to structure highlights their functional
relevance [see Fig. 2(A)]. In the case of TIM, all 8 of the LIGPLOT-
identified enzyme-substrate contacts are PM residues. This image is
centered on the substrate analog phosphoglycolohdroxamic acid. Seven
PM residues are hydrogen-bonded to, and one forms an ion pair with, the
substrate analog. Residues are labeled corresponding to both the PDB
and alignment (in parentheticals) numbering schemes.

reactions. In this report, we focus much of our discussion
on TIM to highlight our combined results. Using a window
width of 5, TIM windows conserving the overall familial
phylogeny consistently correspond to key functionality
within the protein. As acknowledged in del Sol et al.,®
defining what constitutes a “functional site” is not trivial.
In this work, we solely judge prediction accuracy by
literature results and qualitative and quantitative compari-
sons to structure. PMs structurally clustered around known
functionality (i.e., catalytic residue, binding sites, etc.) are
assumed to be functional.

Figure 2(A) highlights the 6 best-scoring TIM PM re-
gions. Five of the 6 regions are directly interacting [H-
bond, salt bridge, and van der Waals (VDW) interactions]
with the substrate (Fig. 3). The sixth window is involved in
quaternary structure interactions at the dimer interface.
TIM PMs cover all 8 LIGPLOT?” identified electrostatic
interactions (excluding VDW interactions) between the
enzyme and substrate. Four of these positions, Lysll,
His94, Glul64, and Glyl170 [using Saccharomyces cerevi-
siae ortholog numbering from the Protein Data Bank (PDB
ID: 7TIM)], are strictly conserved throughout the family.
In fact, many positions within identified PMs are strictly
(or nearly so) conserved. More than 30% of the PMs
positions are conserved better than 90% (Fig. 3). This
result illustrates the conserved nature of the PMs. (Using
calculated FPEs and MEME, we examine this result more
thoroughly in the next section.) In general, the remaining
positions are globally variable, yet locally conserved across
subfamilies, resulting in conservation of the overall famil-
ial phylogeny.

Of the conserved TIM-substrate contacts, Glu164 is the
catalytic residue, Lys11 forms a stabilizing ion pair with
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Fig. 4. Sequence logos of the 6 TIM PMs (A-F) visually highlight their conserved nature. PMs are defined as all overlapping windows scoring past the
PSZ threshold. Residues are labeled corresponding to the alignment numbering scheme. Stars indicate positions highlighted in Figure 3 (E210 is the
catalytic residue). Sequence logos are generated using the UC Berkeley server at http://weblogo.berkeley.edu.

the phosphate of the substrate, and His94 is hydrogen-
bonded to both the substrate carbonyl and alcohol oxygens.
Because of their strictly conserved nature, these positions
do not affect the overall phylogeny. However, these (and
the other) conserved residues are identified within PMs,
because several proximal (in sequence) positions do. This
point can be exemplified by analyzing the 4 variable
positions in contact with the substrate. Figure 4 shows
that position 256 (now using alignment numbering) is a
conserved serine 80% of the time; the remaining 20% is a
subfamily-conserved glycine. Gly256 is also conserved 80%
of the time, whereas (all but one of) the remaining 20% is a
subfamily-conserved alanine. The subfamily defined by
Gly256 is the same as that defined by Ala277. Position 278
is also a conserved glycine (67% conservation). Most of the
differences at position 278 correspond to the same subfam-
ily defined by Gly256 and Ala 277. However, 4 of the
differences at position 278 (a subfamily-conserved argi-
nine) correspond to a small subfamily that include other
positions in the alignment. Taken together, this brief and
incomplete description encapsulates how conserved-sub-
family variations can reproduce the overall tree. More
comprehensive analysis of all PM positions reveals further
subfamily-conserved residues and leads to locally con-
served groups of (functionally conserved) mutations that
reproduce the overall familial phylogeny.

In addition to TIM, we also apply our method to 14 other
protein examples, representing a structurally and function-
ally heterogeneous data set (for a sampling see Fig. 2;
representations of the remainder of the data set are
provided in the Supplementary Material). As expected,
functional sites defined by surface loops are consistently
identified as PMs. In the enolase example, PMs correspond
to active site loops contributed by both the C-terminal
(TIM-barrel) and N-terminal domains.?® CuZnSOD PMs
correspond to loop regions mediating the shape of the

In general, increasingly stringent PSZ thresholds focus the

Fig. 5.
identified PMs toward the active site. This point is generally conserved on
the entire data set and is visually demonstrated here on inorganic
pyrophosphatase. Dark gray spheres indicate «-carbons of PMs ob-
served past the (A) —1.2, (B) —1.5, (C) —1.8, and (D) —2.2 thresholds.
The pyrophosphate substrate is colored light gray.

cationic funnel that conserves the high enzyme—superox-
ide anion encounter rate.?° PMs are identified in the TATA
box—binding protein family, two of which correspond to the
DNA sequence specifying “stirrup” regions®’; 2 of the
remaining 3 correspond to the TFIIB binding site.*® Addi-
tionally, PMs identified in the inorganic pyrophosphatase*!
and N-acetylglucosamine-6-phosphate deacetylase*? fami-
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Fig. 6. (A) TIM PSZ (dashed line) and FPE (solid line) also recast as z scores versus window number. This

plot demonstrates the sequence correspondence of phylogenetic and traditional motifs. MEME identified
motifs are labeled in bold (at the top) and correspond with low FPEs. Similar plots are observed for the
remainder of our diverse data set. (B) TIM PSZs (dashed line) and bootstrap tree stability (BTS; solid line)
versus window number. This plot demonstrates that the PM window trees are more stable than non-PM
windows. Tree stability is calculated as described in the Methods section. Tree stability ranges from 0 to 100.
For comparison ease, the baseline of the tree stability values has been shifted to correspond to PSZ = 0;
further, tree stability values have been inverted and normalized against the most extreme PSZ.

lies correspond to active site loop regions. In each of the
above examples, PMs are structurally clustered, despite
little overall proximity in sequence.

As a general rule, making the z-score threshold more
stringent focuses the PMs toward the catalytic region.
Figure 5 clearly demonstrates this point in the inorganic
pyrophosphatase example. Z-score thresholds of —1.5,
—1.8, and — 2.2 result in 5, 4, and 3 identified PMs,
respectively. The same number of PMs is identified for the
thresholds of —1.2 and —1.5. However, motif size is
reduced as the threshold is made stricter (average reduc-
tion is 1.8 residues). The more relaxed thresholds result in
the identification of several regions not likely to be func-
tional. Predictions made at the —1.8 threshold are consis-
tent with literature results. All 3 residues salt-bridged
(Lys29, Arg43, and Lys142) to the pyrophosphate sub-
strate (in the Escherichia coli structure, PDB ID: 116T*')
correspond to PMs. All 3 have been shown to be critical to

function.*® Each salt bridge partner residue corresponds to
a different PM. The fourth PM corresponds to the con-
served D-X-D-X-X-D sequence pattern®*; the 3 Asp resi-
dues bind catalytically requisite divalent metal ions.*!
Making the threshold more stringent eliminates the PM
containing Lys142, suggesting that —1.8 represents a good
balance.

Encouragingly, application of our approach to proteins
whose active sites are not defined by plastic loop regions
also predicts key functionality. PMs predict regions corre-
sponding to active site clefts, partially buried functional
sites, sites from multiple domains, and functionally linked
sites within a multiprotein complex. PMs identified in the
myoglobin,*® glycerol kinase,*® and glutamate dehydroge-
nase®” families all correspond to their respective active
site clefts. In larger protein structures, PMs are identified
in each domain. In the enolase, alcohol dehydrogenase®
and glyceraldehyde-3-phosphate dehydrogenase?® ex-
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Fig. 7. Comparison of ET predictions versus PMs for TIM. PMs are defined as all overlapping windows
scoring past the PSZ threshold. ET positions at particular tree cut levels are indicated by colons above each
position. PMs are underlined; positions directly interacting (H-bond or salt bridge) with the substrate are shaded
in gray; alignment positions conserved more than 60% of the time are highlighted in bold. The two methods
have similar results, but (as highlighted in Fig. 8) the PM predictions are more structurally clustered around

known functional features.

amples, active site regions from both domains are identi-
fied as PMs. PMs also successfully predict partially buried
regions mediating prosthetic group specificity. They are
structurally clustered around the heme of cytochrome
P450°° and approximate the perceived electron transport
path within succinate dehydrogenase (Complex II of elec-
tron transport), from heme to Fe/S (X3) to flavin adenine
dinucleotide (FAD).?! Succinate dehydrogenase is com-
posed of 3 nonhomologous proteins (the FAD-binding
protein, the Fe/S cluster—binding protein, and the heme-
binding/lipid bilayer anchor). Because function is depen-
dent upon each member of the complex, it is not unex-
pected that PMs from the 3 unique families are structurally
linked. Taken together, these results encourage us that
PMs represent a robust functional site prediction scheme.

The Conserved Nature of Phylogenetic Motifs

As highlighted above, PMs appear to be generally con-
served in sequence. This qualitative observation is appar-
ent from a cursory examination of sequence logos (Fig. 3).
In order to quantify this observation, we calculate FPEs to
determine the probability of randomly encountering each
motif. Comparison of calculated FPEs with phylogenetic
similarity indicates that PMs are generally motifs in the
traditional sense. Windows with lower FPEs are less likely
to be encountered by chance and are more conserved. In
relation to windows of the same size, none of the observed
TIM PMs are significantly likely to occur randomly. Fig-
ures 1(B) and 6(A) clearly indicate that traditionally and
PMs correspond to each other consistently (correlation
coefficient = 0.80). The observed correlation between the 2
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methods falls off drastically with increasing window width.
The molecular explanation for this result is (at least
partially) related to the importance of these positions in
defining substrate specificity. Figures 3 and 4 indicate that
all positions directly interacting with the substrate through
side-chain interactions are strictly (or nearly so) conserved
(e.g., the catalytic Glu164). Further, residues interacting
with the substrate through backbone H-bonds are con-
served a majority of the time. Clearly, conservation of
these positions is critical to substrate specificity. Presum-
ably, the remaining conserved PM positions maintain
tertiary and/or active site structure. Several plastic posi-
tions are interspersed between conserved residues. How-
ever, plasticity is limited as evolution conserves residue
identity within subfamilies. Very few PM positions are
totally variable.

Based on our combined results, we generally conclude
that PMs are a subset of motif space. There are instances
that deviate from this trend [i.e., cytochrome P450, succi-
nate dehydrogenase FAD-binding protein, and (to a lesser
extent) succinate dehydrogenase Fe/S-binding protein (see
Supplementary Material)]. Some PMs from these ex-
amples are not significantly conserved in sequence, yet are
identified as PMs because mutations between subfamilies
are still conserved. As with the average PM, these atypical
observations are still structurally clustered around key
functional sites. This fortuitous result suggests that PMs
might be able to functionally annotate sequence regions
that traditional motif-based methods would not. However,
we do note a general tendency for the more specific PMs to
better correlate to the prosthetic group binding regions,
which is consistent with our earlier findings.

Comparing differences between phylogenetic and tradi-
tional motifs is quite telling. In the case of TIM, 6 of 7
traditional motifs are also identified as PMs. In one case,
the corresponding pair structurally maps to the dimer
interface. All of the remaining motifs (phylogenetic and
traditional) are near the active site region. Each of the 5
PMs corresponding to traditional motifs contributes to
substrate specificity through hydrogen bonding and/or
ionic interactions. Whereas the 5 active site PMs at least
partially correspond to surface loop segments, the remain-
ing traditional motif is more buried, corresponding to a
barrel B-strand. Furthermore, in spite of being near the
active site, the remaining traditional motif never directly
interacts with the substrate. Across our exemplar data set,
there some instances without significant differences be-
tween the 2 methods (e.g., glyceraldehydes-3-phosphate
dehydrogenase and glycerol kinase), and there a few cases
with dramatic differences (i.e., cytochrome P450 and succi-
nate dehydrogenase FAD-binding domain). In most cases,
however, differences are subtle, yet significant. For ex-
ample, PMs not identified as traditional motifs predict one
of the DNA sequence specifying stirrups of TATA box—
binding protein, a buried region of myoglobin directly
interacting with the heme, and several enolase—substrate
contacts. A complete case-by-case structural comparison of
the motif approaches is provided in the Supplementary
Material.

317

Fig. 8. The a-carbons of TIM ET positions scoring past the cut level =
6 are highlighted. ET positions also identified as PMs are colored dark
gray, whereas the remaining positions are colored light gray. The
substrate analog is also shown (at the top) in light gray. The orientation is
the same as in Figure 2(A).

Because of the relative simplicity of our false-positive
calculation, MEME?* is used to confirm the conclusions
drawn. MEME motifs reinforce our earlier results, confirm-
ing their conserved nature. As described above, 7 con-
served regions are identified in the TIM family [Fig. 6(A)].
MEME-identified TIM motifs are annotated in Figure
6(A). In each case, the 5 identified MEME motifs (which is
the search limit) directly correspond to the lowest FPE
values. (The 2 remaining conserved regions would likely be
identified by MEME had the search limit not been set to 5.)
Across the complete data set, MEME results consistently
correspond to low FPEs.

Comparison to Evolutionary Trace Predictions

The ET technique has proven to be a particularly
powerful protein functional site prediction technique.?**~*8
The method begins with a sequence alignment and an
accompanying phylogenetic tree. The ET method ranks
each alignment position based on the minimum number of
tree branches required to keep that position invariant
within each outgroup. Frequently, structural clusters of
ET positions, which are statistically significant,'” are used
to fine-tune functional site predictions. Here, PM predic-
tions are compared to ET results using the same underly-
ing alignment. Figure 7 compares the TIM results from the
two techniques. As expected, PM regions are significantly
populated by trace residues. All ET positions (except one)
scoring at or better than cut level = 4 correspond to PM
regions. (The one exception is a position that is mostly
gaps.) Several trace residues scoring at more relaxed cut
levels occur outside PM regions. In total, 26 ET positions
scoring at or better than cut level = 6 are identified; 17
(65%) of these correspond to PM positions.
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(see caption)
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63,63,6363
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Fig. 9. Complete TIM (A) sequence window 276 and (B) sequence window 61 phylogenetic trees. (B) is representative of trees with high
phylogenetic similarity, whereas (C) is representative of low similarity. Due to reduced information content, the window trees generally have shorter
branch lengths and are less overall branched. In the window trees, branch label numbers in parentheticals indicate the number of identical sequences
represented. (B) is subdivided into 5 subfamilies, which are largely conserved in the whole family tree. In fact, (A) and (B) can be divided into two identical
subfamilies (indicated by solid and dashed lines). Subfamily conservation between (A) and (C) is greatly reduced. Bootstrap scores indicate the number
of times each outgroup is conserved in the 100 resamples. The PM window tree is more stable than its counterpart. Bootstrap scores for the 31 identical
sequences in subfamily E (B) are 87, 79, 63, 54, 48, 47, 47,46, 44, 44,44, 44, 44, 44,43, 43, 42, 42, 41, 40, 40, 37, 25, 25, 24, 24, 24, 23, 23, 23, and 23.

Most identified trace residues are expected to be critically
related to protein function. Nevertheless, we observe a clear
tendency for ET positions also implicated as PMs to cluster
more tightly around known catalytic regions (Fig. 8). For
example, the average distance between TIM «-carbons and
the substrate geometrical center for trace residues occurring
within PMs is 8.7 A, whereas the average distance for
non-PM trace residues is 16.0 A. (Note: gaps in the 7TIM
sequence occur for 2 non-PM trace residues, meaning that
those distances could not be computed.) A complete set of PM
versus ET predictions is provided in the Supplementary

Material. The general conclusions described here are con-
served across the remainder of the data set, suggesting that
PM predictions are generally more structurally clustered
around known functionality, especially substrate-binding
regions. In essence, PMs are focusing trace residues toward
structural epitopes. We note that the use of ET structural
clusters!” should have the same effect. However, we are
purposely avoiding all structural considerations in our predic-
tions here. More stringent cut levels do focus the trace
residues in the same way; however, focusing comes at the
expense of several key interaction predictions.
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Tree Comparisons and Bootstrap Analysis

Figure 9 compares the complete TIM tree to two window
trees. One is taken from a PM window [alignment posi-
tions 276-280, see also Fig. 3(F)] and the other has little
overall phylogenetic similarity (positions 61-65). Because
of reduced information content, the window trees have
shorter branch lengths and are less branched than their
whole alignment counterpart. Despite these global differ-
ences, most PM outgroups are conserved within the whole
alignment tree. In fact, they can be divided into 2 identical
subfamilies. Outgroup conservation between the second
window and whole family tree is greatly reduced.

Based on the limited information content, calculating
trees on small sequence windows is potentially a concern.
To gauge tree stability, bootstrap analysis is employed. A
cursory examination of the window tree bootstrap results
indicates that many of the interior branches are suspect,
yet most of the outer subfamilies are significant. Addition-
ally, comparison of PM tree against the non-PM tree
suggests that the PM tree is much more stable. Figure 7(B)
quantifies this result and shows that it is conserved
throughout all TIM windows (results for the remaining
protein examples are provided in the Supplementary
Material). In fact, the best global bootstrap stability scores
consistently correspond to PM windows. This result indi-
cates that PM tree topologies are less likely to change than
non-PM windows. These results satisfy us that, at the very
least, the phylogenetic trees are meaningful. Future work
will seek to develop methods to increase the statistical
significance of the window trees.

CONCLUSIONS

We report that PMs, sequence regions conserving the
overall familial phylogeny, frequently correspond to key
protein functional sites, including regions defined by plas-
tic surface loops, active site clefts, and partially buried
regions. In general, PMs are also conserved in sequence,
and can be considered motifs in the traditional sense.
However, there are instances where PMs are not overall
conserved in sequence (i.e., cytochrome P450, succinate
dehydrogenase Fe/S-binding protein, and succinate dehy-
drogenase FAD-binding protein). PMs from these fortu-
itous examples still correspond to key functional sites
(they are all structurally clustered around key prosthetic
groups), which suggests that PMs can functionally anno-
tate regions that traditional motif-based methods would
not. PM results are systematically compared to those from
the ET technique. The results of the 2 methods are
consistent, but PM predictions tend to be more structur-
ally clustered around known functional sites. Structural
clusters of trace residues could be used to filter ET
predictions, resulting in the same effect. However, struc-
ture is purposely avoided here, because high-throughput
structural initiatives will be unable to keep pace with
genome sequencing for some time. All together, these
initial results encourage us that PMs should supplement
current sequence—function annotation strategies. Future
testing on larger data sets will determine the robustness of
these initial conclusions.
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