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Abstract

We introduce new distance measures for the constructionaaaty/sis of phylogenies, focusing
on thioredoxin-fold proteins. Our distance measures fee tonstruction are based on several criteria,
including pairwise alignment of only the thioredoxin folegion of each sequence, Hausdorff distance
between sequences represented by sets of real vectorsdleom per-residue features of the sequences,
and properties of each sequence such as protein functioroyzthism type. We also analyze and
compare our trees in several ways. To corroborate the tweedirst compute the distance between the
evolutionary trees, and then evaluate the trees based dtitiooal entropy. We also analyze the trees
by finding common subtrees within and between our trees lIFifmological analysis shows that trees
based on our measures yield new information on proteinsmwitie thioredoxin superfamily.

Index Terms

thioredoxin-fold proteins, evolutionary tree, Hausddalifftance, most common sub-tree.

. INTRODUCTION

We propose distance measures for the construction of pbgleg and new techniques for
their analysis. Use of these measures in conjunction wiistiag ones allows us to corroborate
phylogenetic trees and build new models of families, whialm e used in protein function
prediction. We analyze our trees through the use of the tiondi entropy (CE) measure and
by identifying the most common subtrees within trees and/beh trees. We also study the trees
from a biological perspective. For our experiments, we $oon the thioredoxin-fold (Trx-fold)
superfamily.

Oxidation-reduction reactions in cells are catalyzed hyous redox proteins, many of which
use catalytic cysteine residues. Thiol-dependent redateims regulate many basic cellular
processes, such as DNA synthesis, apoptosis, signal tretnmal and transcription [13], [5]. To
understand the mechanism of cellular redox regulationfitstestep is to characterize the specific
functions of these proteins [5], [1]. The thioredoxin sdpetily is the major family of thiol-
dependent oxidoreductases involved in cellular reguiatad its characterization is important for
understanding redox processes. In addition to thioredaximcludes protein disulfide isomerases,
glutaredoxins, nucleoredoxins, peroxiredoxins, glutata peroxidases and other redox enzymes.
In many proteins of the Trx-fold superfamily, two cysteirseparated by two other residues form
a redox motif designated the CxxC motif. This motif is coneerin the majority members of
the superfamily, including thioredoxins, glutaredoxipsotein disulfide isomerases and other
proteins. However, some of the Trx-fold proteins conseratifisiin which only one cysteine is
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conserved, and in addition, several proteins are knownla&lcitboth cysteines and thus lost the
redox function.

Quite a few methods are known to build phylogenies, such esrpany [9], maximum like-
lihood method [2] and pairwise distance-based methods {#Bich compute pairwise distances
between sequences and then build a tree that fits them begodd& on the pairwise distance-
based methods. An established method that we employ fortraotiag phylogenies is to use
hierarchical clustering where inter-sequence distanogesdrom pairwise alignment scores from
ClustalW [20]. The pairwise distance in this tree is base@l@nments of the primary structure
for the entire sequence. In our new approaches, we basenoleirsly measures on other criteria:
pairwise alignment of only the sequences’ thioredoxin fadion, Hausdorff distance between
sequences when they are represented by sets of real veettweddfrom various per-residue
properties of the sequences, and other specific propeitieach sequence such as protein and
organism type. We build our trees via hierarchical clusgpriAfter building the trees using the
new distance measures, we also analyze and compare ouintiemgeral ways. We compute the
distance between the evolutionary trees, and then we usasungecalled conditional entropy to
evaluate how well clusters derived from the trees matctouardesignation of the sequences. To
gain further perspective on the sequences, we also andigzecies by finding common subtrees
within and between our trees. These analyses and a subsigdbieiogical analysis show that
trees based on our new measures yield new information onrtteip families.

The rest of this paper is as follows. In Section Il, we desctibe distance measures and
the algorithms we employ in building our evolutionary trelsSection Ill, we discuss on how
we analyze the trees by computing distances between treeguting conditional entropy of
clusters derived from our trees, and by finding common sabtrethin and between our trees.
Then in Section IV we summarize our experimental resultsaliy, we conclude in Section V
with a discussion of future work.

[I. CONSTRUCTION OFEVOLUTIONARY TREES

We use standard hierarchical clustering to construct oaoluéenary trees. The differences
between established methods and our approach come fromotred distance measures we
employ. An established method that we employ for constngcgtihylogenies is to use pairwise
alignment scores from ClustalW [20]. The pairwise distaircehis method is on alignments
of the primary structure for the entire sequence. In our nppr@aches, we base our similarity
measures on other criteria: pairwise alignment of only thgusnces’ thioredoxin fold region,
Hausdorff distance between sequences represented by fsedal wectors derived from QFC
features of the sequences [16], and other specific propesfi@ach sequence such as protein
type and organism type.

A. Distance measures

1) Measure based on primary structure and Trx-folile first find the primary sequence motif
(e.g. CxxC) in each sequence. Since the Trx-fold of all kndlworedoxin-fold proteins extends
at most 30 residues upstream and at most 180 residues deamstf the motif [12], we discard
subsequences outside that 214-residue window. Then weyamsenit programming [3] to align
each pair of sequences using the BLOSUM 62 matrix [11]. Thgnalent score for each pair
of sequences is the distance measure we use in clustering.



2) Measure based on per-residue features and Trx-f@dr second distance measure comes
from the Hausdorff distance [14] on sets of points derivenfrper-residue properties of each
sequence. In the QFC algorithm [16], the physico-chemicapgrties of the amino acids in
the residues are characterized using various indices amdlatd measurements, such as GES
hydropathy index [7], [10], solubility [4], polarity, pl, We-Doolittle index [17],« helix index [6],
and molecular weight. A protein sequence is described by afsariablesz; throughz,,, and
for eachz;, there is a value;; for theith amino acid index (property) value at tli position of
the sequence. Thus; throughz;,, constitutes a profile of the protein in terms of tile amino-
acid property index. For each sequence, we extract thedldkals described above, and then map
the residues in each fold to their profiles based on the 7 piiepeof Kim et al. [16], yielding
7-dimensional data. Since each 7-tuple= (z;,...,x;;) in each profile is tied to a particular
residuer,, in the original sequence, we need to add a coordingté¢o x; that corresponds to
r,,’S position in the sequence. We set to the index ofr,, in the fold. The end result is a
set of points for each sequence. Since the values of ditfgraperties vary significantly, we
normalize the properties when computing the Euclidearadcs. For example, distance between

two amino acidse; andy; is defined aﬁ/% +...+ % where Min,,
and Mazx,;, are the minimum and maximum values for propekty

The Hausdorff distance (HD) measure is a distance betweenseis of points [18]. The
classical HD measure between two séts- {a;,...,ayn,} and B = {by, ..., by} Of SizesSNy
and N is defined ad7(A, B) = max(h(A, B), h(B, A)), whereh(A, B) andh(B, A) represent
the directed distances between two sétand B [14]. For the directed distance frosito B, we
usehy (A, B) = K ,dg(a), wheredp(a) represents the minimum distance value from paint
to the setB, and K , denotes thek" ranked value ofiz(a). In other words, each point in
A finds its nearest neighbor iB and vice-versa. Then these distances are sorted indegnden
for setsA and B, and theKth largest is chosen from each set (using #ith largest rather
than the largest reduces sensitivity to noise). The largeshhese two values is the Hausdorff
distance betweer and B. This measure needs one paramefeg [0.0, 1.0], which we use to
calculate K = fN4 for use inh(A, B) (for h(B, A), we useK = fN,). Experimentally, when
f is about0.6, good results are obtained [18].

For each pair of sequences, we extract their folds as descedarlier, map them to their
sets of points, and compute Hausdorff distance between,theimg f = 0.6 and normalized
Euclidean distance to measure distances between points.

3) Measure based on annotation and foMfe also combine each of the two distance measures
described above with sequence annotation informatiorudireg protein function assignment
and organism type. Here protein function assignment ireduthioredoxin, Glutaredoxin, Pro-
tein disulfide isomerase, DsbA, DsbC, DsbD, and DsbG. Osgariype includes vertebrates,
mammals, invertebrates, plants, fungi, bacteria, arclaaéaviruses. If two sequences have the
same type, we multiply the distance between them by 0.8 (fhuws sequences have the same
organism type and protein type, we multiply by 0.64). We coralthe sequence type information
with both distance measures described above. We also usbhtve two measures each on its
own, yielding four total trees.

B. Evolutionary Tree Construction

The method we use to build trees is very similar to that use8dkal and Michener [19]. The
only difference is that we use the complete link algorithrihea than the single link algorithm
they use. We first assign each sequence to its own clustededimd each of them as a leaf with
a height zero. Then we merge the clusters until only oneelestists. To merge two clusters, we



first determine the two clusters; andC; for which the distanceé),; between them is minimal.
We then merge”; andC; into a single new clustef’, = C; U C}, defining the distance between
C, and any other clustef, as D, = max(D;, D;;). We then replace”; and C; with C,,
whose height is set ab;;/2.

[I[l. EVOLUTIONARY TREE ANALYSIS

We have 5 evolutionary trees: the tree based on the entineapyi structure and ClustalW
pairwise alignment score (ClustalW tréethe tree based on fold, primary structure and dynamic
programming (DP treé) the tree based on fold and QFC features (QFC el tree based on
fold, primary structure, dynamic programming and sequdgpe; and the tree based on fold,
QFC features and the sequence type information. For thefékis paper, we focus on the first
three trees; analysis of the last two trees (using sequempeeinformation) is pending.

We now use several methods to analyze and compare our traesvéne built using the
distance measures of Section II-A. First we compute a distdoetween each pair of trees by
computing the average distances between their most sisulbirees. Specifically, we do the
following to compute the distance between trégsand7’s. For every subtree, in treeTy, we
find the subtreé, in tree Tz that is the most similar to, based on the tree distance measure
of Wang et al. [15] (described below). We then divide the atise between, andt, by the
number of nodes in,. We then take the average of these distances ovey alll’y, and average
that with the average of the distances from each T to its most similar subtree iff'y.

We also analyze our trees by using conditional entropy tesaskow well each tree matches
various classes of the sequences. Define a sequeriassto be an external label assigned to
it, e.g. the organism that the sequence came from. Then givetasses and clusters, for a
particular class € [1..m] and clusterj € [1..k], we computep;;, which is the probability that a
member of clustey belongs to class$ (p;; = n;;/n;, wheren; is the number of data points in
clusterj andn;; is the number of data points in clustgibelonging to class). The entropy of
the class labels conditioned on a particular clugtés calculated asy; = — S°F_ | pi;log(pi)).-
The conditional entropy is then defined isjf’:l % wheren; is the size of clustej andn
is the total number of instances. The entropy equals zerowelaeh cluster contains instances
from the same class [8]. For our class labels, we use proyem, brganism type, and the pair
(protein type, organism type) taken together.

We also evaluate our trees by studying and comparing théireses. For every subtree, we
compute the sum of the distance between it and all otherestiVe define the subtree with the
smallest sum of distances as the most common subtree inside Blere we use Wang et al.’s
method [15] to compute the edit distance between two suhtrBleis dynamic programming-
based method uses both the tree structure and the label lofneale. The edit distance from
treet, to treet, is the minimum number of edit operations transformingo ¢,. There are three
types of edit operations: relabeling, delete, and inserb@denHere the label is the organism
type. Every leaf has a label corresponding to the organistheotequence on that leaf. Internal
nodes have no corresponding sequences, so we use the masboarganism in the subtree to
label them. For example, in the subtree rooted with nddthere are several types of organisms,
but if bacteria is the most common, then we label nddas bacteria.

http://genomics.unl.edu/tree/devel2/
2http://genomics.unl.edu/tree/CHANG2/
3http://genomics.unl.edu/tree/CHANG1/



TABLE |
COMPARISON OF OUR TREES WITH CONDITIONAL ENTROPY'DP” IS FOR MEASURE BASED ONPRIMARY STRUCTURE AND
TRX-FOLD, “QFC” IS FOR MEASURE BASED ONQFCFEATURES AND TRX-FOLD, “CLUSTALW” IS FOR THE MEASURE
BASED ON CLUSTALW PAIRWISE ALIGNMENT AND ENTIRE PRIMARY SEQUENCE “PROTEIN" MEANS USING PROTEIN TYPE
AS CLASS LABEL, “ORGANISM” MEANS USING ORGANISM TYPE AS CLASS LABEL “COMBINE” MEANS COMBINATION OF
PROTEIN TYPE AND ORGANISM TYPE AS CLASS LABEL

Conditional DP QFC ClustalWw DP QFC Clustalw DP QFC Clustalw
Entropy Protein Type| Protein Type| Protein Type| Organism| Organism| Organism| Combine | Combine | Combine
K=5 0.541623 0.548408 0.560651 | 0.636842| 0.651389| 0.652374| 1.10114 | 1.125980| 1.14336
K=10 0.474629 0.431362 0.498964 | 0.584003 | 0.594431| 0.587185| 0.967281| 0.945759| 1.01590
K=15 0.238583 0.337641 0.49186 0.509938 | 0.565931 | 0.568910| 0.707798| 0.834510| 0.987126
K=20 0.200595 0.318217 0.381743 | 0.498040| 0.543341| 0.471684 | 0.661368| 0.788463| 0.779091
K=25 0.192252 0.29005 0.305821 | 0.486418 | 0.503726| 0.435822| 0.643478| 0.718837| 0.688479
K=30 0.189096 0.275013 0.204412 | 0.437526| 0.493955| 0.407707 | 0.587621| 0.693713| 0.56885
K=35 0.172943 0.255603 0.180734 | 0.420016 | 0.475313| 0.378663 | 0.561356| 0.660215| 0.515396
K=40 0.168103 0.234351 0.168921 | 0.398652| 0.447900| 0.370802 | 0.535920| 0.609090| 0.495375

V. EXPERIMENTAL RESULTS

We selected 1458 sequences from the Thioredoxin-fold segsedatabadefor our experi-
ments. 98% of these sequences have the CxxC motif, whilettiersohave the CxxS motif or
no known motif. For the very few sequences without a knownifimee selected two cysteines
that were separated by two residues in the primary struetadeassumed that the two cysteines
and the two residues between them constitute a motif.

Using the tree comparison method described in Section h#, distance between DP tree
and the ClustalW tree is 0.2431. Distance between QFC trdeChrstalW tree is 0.2623. This
indicates that the DP tree is more similar to the ClustalVe tiigan the QFC tree is. This
is because both DP and ClustalW are based on similar distare@sures (primary structure
alignment). Further, both the DP and QFC trees are genesatijlar to the ClustalW tree in
terms of similarities of common subtrees. This supportsidea that each tree (especially DP
and ClustalW) generally captures the evolutionary pastefthis superfamily.

We now analyze our trees with conditional entropy. The tssate in Table I. In the table,
K is the number of clusters that we partitioned each tree irt®et on the nodes’ depths.
From Table | we see that in general, the DP tree better matahebree labelings of the
sequences than the QFC tree does, regardless (@fs expected, DP and ClustalW have mostly
similar values of conditional entropy, especially for lar§’). In addition, from a biological
perspective, the DP tree seems to generally represent tiietiemary and functional classes
within the Trx-fold superfamily more accurately. Howewee found that the QFC tree is a more
convenient tool for visualization of some clusters. It bettlustered some subtrees within the
family of thioredoxin-fold proteins than the DP tree. Foamyple, viral glutaredoxin-like proteins,
which are known to be involved in an oxidative pathway of eégermation, are co-clustered
with bacterial thioloxidases DsbA and several thioreddia proteins of unknown function.
Thus, these thioredoxin-like proteins could function aslttisulfide oxidoreductases involved in
disulfide bond formation. Bacterial disulfide isomeraseb®sire co-clustered with mammalian,
plant and invertebrate proteins, suggesting that theseipsomight rearrange disulfide bonds.

“http://genomics.unl.edu/REDOX/tfpdb.html



Clusters of bacterial oxidative folding proteins are alscated closer in the QFC tree than
in the DP tree. Further, unlike the DP tree, the QFC tree isclkeed in clusters containing
representatives from diverse organisms, suggestingttinaight be useful for finding functional
associations and identification of Trx-fold proteins. Tliug diversity of organisms in the QFC
tree’s clusters (which caused the larger organism-baseditoanal entropy numbers in Table 1)
in fact suggests new functional groups in the Trx-fold stgailiy.

Finally, we study the most popular subtrees inside eachatnelebetween trees taken pairwise.
For each test, we identified the five most popular sub-tree®. df them are in Figure 1. A
biological analysis of these subtrees is going on now.

(@) (b)

Fig. 1. (a) The most popular subtree in the tree based on ClustalW maralignmentA designates archae® bacteria;/
invertebrates;P plants; R viruses;M mammals.(b) The most popular subtree in the tree based on QFC features.

V. CONCLUSION

We proposed methods to construct and analyze phylogentéesgplied them to the thiore-
doxin superfamily. Our methods focus on new distance meadugtween sequences, computing
distances between trees, use of conditional entropy toyamdhe clusters implied by trees, and
ways to identify common subtrees between trees. Use of thethods in conjunction with
existing ones allows us to corroborate existing phylogertetes and to build other models of
protein families which can lead to prediction of protein d¢tion. Future work includes more
detailed species-based analysis of subtrees, such asdfisdistrees with specific patterns of
evolution or representation by specific species or claskEspearies.

ACKNOWLEDGMENTS

The authors thank Gregory Kryukov for his helpful discussi@and Etsuko Moriyama for
help with QFC. The project described was supported by NIHhGRumber RR-P20 RR17675
from the IDeA program of the National Center for Researchodeses. It was also supported
in part by NSF grants CCR-0092761 and EPS-0091900.



(1]
(2]
(3]
(4]
(5]
(6]
(7]
(8]
(9]
[10]
[11]
[12]
[13]
[14]

[15]

[16]
[17]
[18]
[19]

[20]

REFERENCES

F. Aslund and J. Beckwith. The thioredoxin superfamitgdundancy, specificity, and gray-area genomidsurnal of
Bacteriology 181:1375-1379, 1999.

D. Barry and JA Hartigan. Statistical analysis of homéhanolecular evolution.Statistical Scienge(2):191-210, 1987.
R. Bellman. Dynamic ProgrammingPrinceton Univversity Press, 1957.

T. Brown. Molecular Biology Labfax Academic Press, second edition, 1998.

L. Debarbieux and J. Beckwith. Electron avenue: pattavafydisulfide bond formation and isomerizatioBell, 99:117—
119, 1999.

G. Deleage and B. Roux. An algorithm for protein secogdstructure prediction based on class predictidProtein
Engineering 1:289-294, 1987.

D. M. Engelman, T. A. Steitz, and A. Goldman. Identifyimpnpolar traasbilayer helices in amino acid sequences of
membrane proteinsAnnual Review of Biophysics and Biophysical ChemistBy321-353, 1986.

X. Fern and C. Brodley. Random projection for high dimiensl data clustering: A cluster ensemble approach. Watbim
DC, 2003. Proceedings of the Twentieth International Camfee of Machine Learning (ICML-2003) 186-193.

W.M. Fitch. Toward defining the course of evolution: nimim change for a specified tree topolo@ystematic Zoology
(20):406-416, 1971.

G. Von Heijne. Membrane protein structure predictibtydrophobicity analysis and the positive-inside rulmurnal of
Molecular Biology 225:487—-494, 1992.

S. Henikoff and JG. Henikoff. Amino acid substitutioratrices from protein block€Proceedings of the National Academy
of Sciences89:10915-10919, 1992.

J.L. Martin. Thioredoxin—a fold for all reasonStructure 3(3):245-250, 1995.

A. Holmgren. Thioredoxin and glutaredoxin systendsurnal of Biological Chemistry264(24):13963-13966, 1989.
D.P. Huttenlocher, G.A. Klanderman, and W.J. RucldidgComparing images using the Hausdorff distandEEE
Transactions on Pattern Analysis and Machine Intelligerice850-863, 3 1993.

D. Shasha K. Zhang J. T. L. Wang, B. A. Shapiro and K. M.réur An algorithm for finding the largest approximately
common substructures of two treedEEE Transactions on Pattern Analysis and Machine Intelige 20(8):889-895,
1998.

J. Kim, E. N. Moriyama, C. G. Warr, P. J. Clyne, and J. Rrl&€m. Identification of novel multi-transmembrane protei
from genomic databases using quasi-periodic structugepties. Bioinformatics 16:767-775, 2000.

J. Kyte and R. F. Doolittle. A simple method for displagithe hydropathic character of a protellmurnal of Molecular
Biology, 157:105-132, 1982.

DG Sim, OK Kwon, and RH Park. Object matching algorithmsing robust Hausdorff distance measuredcEE
Transactions on Image Processjri§(3):425-429, 3 1999.

R.R. Sokal and C.D. Michener. A statistical method fealaating systematic relationshipgdniversity of Kansas Scienticfic
Bulletin, (28):1409-1438, 1958.

J.D. Thompson, D.G. Higgins, and T.J. Gibson. ClustalikiVproving the sensitivity of progressive multiple seqcen
alignment through sequence weighting, positions-spegéit penalties and weight matrix choidéucleic Acids Research
(22):4673-4680, 1994.





