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ABSTRACT
As the number of protein folds is quite limited, a
mode of analysis that will be increasingly common in
the future, especially with the advent of structural
genomics, is to survey and re-survey the finite parts
list of folds from an expanding number of perspectives. We have developed a new resource, called
PartsList, that lets one dynamically perform these
comparative fold surveys. It is available on the web at
http://bioinfo.mbb.yale.edu/partslist
and
http://
www.partslist.org. The system is based on the
existing fold classifications and functions as a form
of companion annotation for them, providing ‘global
views’ of many already completed fold surveys. The
central idea in the system is that of comparison
through ranking; PartsList will rank the approximately 420 folds based on more than 180 attributes.
These include: (i) occurrence in a number of
completely sequenced genomes (e.g. it will show the
most common folds in the worm versus yeast); (ii)
occurrence in the structure databank (e.g. most
common folds in the PDB); (iii) both absolute and
relative gene expression information (e.g. most
changing folds in expression over the cell cycle); (iv)
protein–protein interactions, based on experimental
data in yeast and comprehensive PDB surveys (e.g.
most interacting fold); (v) sensitivity to inserted
transposons; (vi) the number of functions associated
with the fold (e.g. most multi-functional folds); (vii)
amino acid composition (e.g. most Cys-rich folds);
(viii) protein motions (e.g. most mobile folds); and
(ix) the level of similarity based on a comprehensive
set of structural alignments (e.g. most structurally
variable folds). The integration of whole-genome
expression and protein–protein interaction data with

structural information is a particularly novel feature
of our system. We provide three ways of visualizing
the rankings: a profiler emphasizing the progression of high and low ranks across many preselected attributes, a dynamic comparer for custom
comparisons and a numerical rankings correlator.
These allow one to directly compare very different
attributes of a fold (e.g. expression level, genome
occurrence and maximum motion) in the uniform
numerical format of ranks. This uniform framework,
in turn, highlights the way that the frequency of
many of the attributes falls off with approximate
power-law behavior (i.e. according to V–b, for
attribute value V and constant exponent b), with a
few folds having large values and most having small
values.
INTRODUCTION
Protein folds can be considered the most basic molecular parts.
There are a very limited number of them in biology. Currently,
about 500 are known, and it is believed that there may be
no more than a few thousand in total (1–3). This number is
considerably less than the number of genes in complex, multicellular organisms (>10 000 for multicellular organisms; 4).
Consequently, folds provide a valuable way of simplifying and
making manageable complex genomic information. In
addition, folds are useful for studying the relationships
between evolutionarily distant organisms since, in making
comparisons, structure is more conserved than sequence or
function.
In a general sense, how should one approach the analysis of
molecular parts? A simple analogy to mechanical parts may be
useful in this regard. Given the ‘parts’ from a number of
devices (e.g. a car, a bicycle, and a plane) one might like to
know which ones are shared by all and which are unique (say,
wings for a plane). Furthermore, one might want to know
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which are common, generic parts and which are more specialized.
Finally, one might like to organize the parts by a number of
standardized attributes (e.g. the most flexible parts, the parts
with the most functions, and the biggest parts). PartsList aims
to provide answers to simple questions such as these for the
domain of protein folds.
Properties related to protein folds can be divided into those
that are ‘intrinsic’ versus ‘extrinsic’. Intrinsic information
concerns an individual fold itself, e.g. its sequence, 3D structure
and function, while ‘extrinsic’ information relates to a fold in
the context of all other folds, e.g. its occurrence in many
genomes and expression level in relation to that for other folds.
Web-based search tools already provide intrinsic information
about protein structures in the form of reports about individual
structures. Valuable examples include the PDB Structure
Explorer (5), PDBsum (6) and the MMDB (7). However,
current resources lack the ability to fully present extrinsic
information.
Likewise, while there are many databases storing information related to individual organisms (e.g. SGD, MIPS and
FlyBase; 8–10), comparative genomics (PEDANT and COGs;
9,11), gene expression (GEO, the Gene Expression Omnibus at
the NCBI, and ExpressDB; 12) and protein–protein interactions
(DIP and BIND; 13,14), none of these integrates gene
sequences, protein interactions, expression levels and other
attributes with structure. (However, it should be mentioned
that the Sacc3D module of SGD and PEDANT do tabulate the
occurrence of folds in genomes.)
PartsList is arranged somewhat differently from most other
biological resources. In a usual database (e.g. GenBank; 15)
the number of entries increases as the database develops, while
each entry has a fairly fixed number of attributes to describe it.
In contrast, PartsList is envisioned to have a relatively stable
number of entries, i.e. the finite list of protein folds, while the
attributes that describe each entry are expected to increase
considerably. In the current version of PartsList the properties
for a protein fold include: amino acid composition, alignment
information, fold occurrences in various genomes, statistics
related to motions, absolute expression levels of yeast in
different experiments, relative expression ratios for yeast,
worm and Escherichia coli in various conditions, information
on protein–protein interactions (based on whole-genome yeast
interaction data and databank surveys) and sensitivity of the
genes associated with the fold to inserted transposons.
One reason to build the database is to compare protein folds
in a rich context and in a unified way. This was achieved
through ranking. This allows users to directly compare very
different attributes of a fold in a uniform numerical format.
The rankings can be visualized in three ways: a profiler
emphasizing the progression of high and low ranks across
many pre-selected attributes, a rankings comparer for custom
comparisons and a numerical rankings correlator. This can
help users gain insight into the functions of protein folds in the
context of the whole genome. Our system makes it very easy to
answer questions like: ‘What is the most common fold in the
worm as compared to E.coli?’, ‘What is the most highly
expressed fold in yeast and how does this compare to the fold
that changes most in expression level during the cell-cycle?’
and ‘Which fold has the most protein–protein interactions in
the PDB and is it highly ranked in terms of protein motions?’

One of the strengths of the uniform numerical system of
ranks in PartsList is that it puts everything into a common
framework so that one can see hidden similarities in the occurrence
of parts ordered according to many different attributes. In
particular, as we describe below, we found that the frequency
of many of the attributes falls off according to a power-law
distribution (i.e. according to V–b, for attribute value V and a
constant b), with a few folds having large attribute values and
most having small values. For instance, there are only a few
folds that occur many times in the yeast genome and most only
occur once or twice. Likewise, most folds only have a few
functions associated with them, but there are a few ‘Swissarmy-knife’ folds that are associated with many distinct functions.
Similar power-law-like expressions have been found to apply
in a variety of other situations relating to proteins, for instance,
in the occurrence of oligo-peptide words (16–18), in the
frequency of transmembrane helices (19) and sequence families
with given size (20), and in the structure of biological
networks, with a few nodes having many connections and most
have only a few (21,22).
PartsList is built on top of the Structural Classification of
Proteins (SCOP) (23) fold classification and acts as an accompanying annotation to this system. SCOP is divided into a
hierarchy of five levels: class, fold, superfamily, family and
protein. The ‘parts’ in our system can be either SCOP folds or
superfamilies. However, sometimes for ease of expression we
will just refer to ‘folds’ when we really mean ‘folds and/or
superfamilies’. We currently use 420 folds and 610 superfamilies in PartsList. Each is represented by a representative
domain, which is also the key for each entry of protein fold.
While we chose to use the SCOP classification, we could
equally well have based the system on the other existing fold
classifications, e.g. CATH (24), FSSP (25) or VAST (26,27).
Moreover, for most attributes, we could also have developed
our system around non-structural classifications of protein
parts, e.g. Pfam (28), Blocks (29) or SMART (30). However,
basing it around actual structural folds has the advantage that
each part is more precisely and physically defined.
ATTRIBUTES THAT CAN BE RANKED:
INFORMATION IN THE SYSTEM
Currently the attributes for each entry (i.e. protein fold) can be
separated into several main categories: statistical information
from a comprehensive set of structural alignments, amino acid
composition information, fold occurrences in various
genomes, expression levels in different experiments, protein
interactions, macromolecular motion, transposon sensitivity
and miscellaneous.
We have developed a formalism for expressing each of the
attributes, which is described in Table 1. In the table, the term
PART refers to either fold or superfamily, depending on which
of these is being ranked. Essentially, we have a database of
attributes where each attribute is given a standardized description
and associated with a precise reference. In the following, we
describe some main categories of attributes.
Genome occurrence
The data in this category reveal fold occurrences in 20 different
genomes, including four archaea, two eukaryotes and 14
bacteria (additional details online).
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Table 1. All the attributes ranked by PartsList
A
Category

Symbol

Definition of symbol

Genome occurrence

G(x)

Number of times a particular PART occurs in genome x.
(These are based on PSI-BLAST comparisons between PDB and
the genomes with an E-value cutoff in these comparisons
of 0.0001.)

20

Expression

L(e)

Average expression level of a particular PART. This is the average
expression level over all genes that contain this PART.

8

(46)

C(e)

PART composition of the yeast transcriptome in expression level
experiment e. This refers to the fraction of the mRNA population
with this PART as opposed to all other parts.
(This is only applicable to expression experiments, such as SAGE
and GeneChips, that measure absolute mRNA levels
in copies per cell.)

8

(46)

E(e)

Transcriptome enrichment compared to genome in experiment e.
[Transcriptome enrichment is defined as percentage difference of
PART composition in the transcriptome and the genome. In symbols: E(e)
= [C(e)–G(Scer)]/G(Scer).]

8

(46)

F(r)

Expression level fluctuation in experiment r. [This is the standard deviation
in the expression ratio measurement R(i,t) over a timecourse, for example,
<(R(i,t)–<R(i,t)>)2> where one averages over all times t and genes i that
have a particular PART.]

7

(67)

Alignments

Attributes in category

Reference
(19,35,a)

V(f)

The number of aligned pairs in pair-set f.

2

(39)

U(f)

RMS deviation in Cα atoms averaged over all alignments in pair-set f

2

(39)

R(f)

Similar to U(f) for pair-set f but only the best fitting half of the atoms are
included in the calculation

2

(39)

S(f)

Average percentage identity between pairs of aligned proteins in pair-set f

2

(39)

P(f)

Average sequence P value for pair-set f

2

(39)

Q(f)

Average structural P value for pair-set f

2

(39)

N(p)

The number of structures associated with a particular PART in dataset p.

2

B(a,p)

Composition of amino acid a in a particular PART where one averages over 40
all structures in dataset p associated with the PART

M(s,d)

The maximum value of statistic s derived from surveying set of
motions d in the Macromolecular Motions Database for a particular
PART, where s is only calculated from the entries in the database
that are associated with the PART.

7

(56,57)

A(s,d)

Similar to M(s,d) but now we take the average instead of the maximum.

7

(56,57)

I(y,c)

For a given PART, the number of types of protein–protein
interactions in interaction dataset y subject to the restriction c regarding
whether or not the proteins are on the same chain. The number of
interaction types is the number of distinctly different
PARTs that interacts with a given PART.

24

(51,68)

J(y,c)

For a given PART, the total number of types of interactions in
interaction dataset y subject to the restriction c regarding whether
or not the proteins are on the same chain. Here we show all interactions
observed not just the number of distinct PART–PART interactions
tabulated in I(y,c).

24

(51,68)

Transposon

T(b)

The sensitivity of the cell to a transposon inserted into genes
containing a particular PART under different growth condition b. The
sensitivity was indicated by negative logarithm of a P value, which
measures the degree to which the observations for one particular gene
could have resulted from wild-type cells that randomly change their
phenotype.

20

(58)

Miscelleneous

X(q)

Various miscellaneous ranks.

Compositions

Motion

Interaction

Total

5
192
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Table 1. Continued
B
Attributes

Value

Description

Reference

Genome

aful

Archaeoglobus fulgidus

(19,35,a)

x=

mjan

Methanococcus jannaschii

(19,35,a)

mthe

Methanobacterium thermoautotrophicum

(19,35,a)

phor

Pyrococcus horikoshii

(19,35,a)

scer

Saccharomyces cerevisiae

(19,35,a)

cele

Caenorhabditis elegans

(19,35,a)

aaeo

Aquifex aeolicus

(19,35,a)

syne

Synechocystis sp.

(19,35,a)

ecol

Escherichia coli

(19,35,a)

bsub

Bacillus subtilis

(19,35,a)

mtub

Mycobacterium tuberculosis

(19,35,a)

hinf

Haemophilus influenza Rd

(19,35,a)

hpyl

Helicobacter pylor

(19,35,a)

mgen

Mycoplasma genitalium

(19,35,a)

mpne

Mycoplasma pneumoniae

(19,35,a)

bbur

Borrelia burgdorferi

(19,35,a)

tpal

Treponema pallidum

(19,35,a)

ctra

Chlamydia trachomatis

(19,35,a)

cpne

Chlamydia pneumoniae

(19,35,a)

rpro

Rickettsia prowazekii

(19,35,a)

Absolute expression experiment vegsam

GeneChip mRNA expression analysis of 6200 yeast ORFs under
vegetative growth conditions.

(48)

e=

GeneChip mRNA expression analysis of 5455 yeast ORFs under
vegetative growth conditions.

(49)

sage

mRNA expression analysis of 3788 yeast ORFs determined by SAGE.

(43)

matea

GeneChip mRNA expression analysis of yeast mating type a strain
grown on glucose.

(50)

mateal

GeneChip mRNA expression analysis of yeast mating type α strain
grown on glucose.

(50)

gal

GeneChip mRNA expression analysis of yeast mating type a strain
grown on galactose.

(50)

heat

GeneChip mRNA analysis of yeast mating type a strain grown on
glucose at 30°C before a 39°C heat shock.

(50)

ref

Reference transcriptome. This is a scaling and merging of the above
experiments.

(46)

cdc28

cDNA microarray genome-wide characterization of mRNA transcript
levels for CDC28 synchronized yeast cells during the cell cycle.

(69)

cdc15

cDNA microarray genome-wide characterization of mRNA transcript
levels for CDC15 synchronized yeast cells during the cell cycle.

(69)

alpha

Analysis using cDNA microarrays of yeast mRNA levels after
synchronization of cell cycle via α arrest factor.

(69)

diaux

Genome-wide cDNA microarray analysis of the temporal program of yeast (70)
mRNA expression accompanying the metabolic shift from fermentation to
respiration.

spor

cDNA microarray genome-wide analysis to assay changes in gene
expression during sporulation.

Microarray experiment
r=

vegyou

(71)

1754 Nucleic Acids Research, 2001, Vol. 29, No. 8

Table 1. Continued
B
Attributes

Pair-set
f=

Value

Description

Reference

heatec

cDNA microarray experiment and analysis on 4290 E.coli ORFs after exposure of
the bacteria to heat shock.

(72)

deve

Analysis of genome wide changes during successive larval stages using cDNA
microarrays of ∼12 000 C.elegans ORFs.

(73)

all

All pairs within a PART included in the calculations by Wilson et al. (For example,
for fold rankings this would be the total number of pairs within a fold.)

(39)

foldonly

A subset of the pair-set ‘all’ that only includes pairs between structures that are
in the same PART but different sub-PART.
(If PART is fold, then sub-PART is superfamily; if PART is superfamily, then
sub-PART is family.)

(39)

Ala, Cys, Asp, Glu, Phe, Gly, His, Ile, Lys, Leu, Met, Asn,
Pro, Gln, Arg, Ser, Thr, Val, Trp, Tyr.

(31)

pdb100

All structures within the fold (as defined by SCOP pdb100d).

(31)

pdb40

Similar to pdb100 but now using a version of the PDB clustered at 40% similarity (as
defined by SCOP pdb40d)

(31)

pdball

Interactions for a PART are computed with all other PARTS in the PDB based on the
distances between atoms in the coordinate files. Five or more contacts between atoms
separated by <5 Å was considered a valid PART–PART contact.

(9,51,55)

pdba

A subset of ‘pdball’. Interactions for a PART are computed just with all-α proteins
(SCOP class 1) in the PDB.

(9,51,55)

Amino acid
a=
Dataset
p=

Interaction type
y=

Interaction restriction
c=

Motion statistic
s=

pdbb

Similar to ‘pdba’ but now just with all-β proteins (SCOP class 2).

(9,51,55)

pdbab

Similar to ‘pdba’ but now just with mixed helix-sheet proteins (SCOP class 3 and 4)

(9,51,55)

scerall

(9,51,55)
Interactions for a PART are computed with all other PARTS based on the yeast
two-hybrid experimental data. In particular, interactions between structural domains
in the yeast genome were obtained by assigning protein structures to the yeast proteins.
Structural domains contained within the same ORF that were within
30 amino acids were assumed to interact in an intramolecular fashion. To derive
intermolecular interactions, we combined three sets of protein–protein interactions: (i) the
MIPS web pages on complexes and pairwise interactions (February 2000) (9), (ii) the
global yeast two-hybrid experiments by Uetz et al. (54) and
(iii) large-scale yeast two-hybrid experiments by Ito et al. (55). Out of all these pairwise
interactions known for yeast ORFs, there is a limited set in which both partners are
completely covered by one structural domain (to within 100 residues).

scera

A subset of ‘scerall’. Interactions for a PART are computed just with all-α proteins
(SCOP class 1) in the yeast experiment.

(9,51,55)

scerb

Similar to ‘scera’ but now just with all-β proteins (SCOP class 2).

(9,51,55)

scerab

Similar to ‘scera’ but now just with mixed helix-sheet proteins (SCOP class 3
and 4).

(9,51,55)

inter

The interaction must occur between PARTS in different chains

(9,51,55)

intra

The interaction must occur between PARTS in the same chain.

(9,51,55)

none

The union of ‘inter’ and ‘intra’. Interactions can occur in PARTS on the same or
different chains.

(9,51,55)

nresidue

Number of residues.

(56,57)

maxcadev Maximal displacement of a Cα atom, in Å, of any residue during the motion
(after fitting on the first core).

(56,57)

rmsoverall Overall RMS of two structures after they are superimposed by a sieve-fit technique.
Note that they are larger than traditionally used RMS.

(56,57)

nhinges

Number of hinges involved in the motion.

(56,57)

kappa

The rotation (in degrees) around the screw axis necessary to superimpose two
domains of motion.

(56,57)

transe

Transition energy of the motion (maximum energy less minimum energy over
the motion) (in kcal/mol).

(56,57)

deltae

Absolute value of energy difference between the ‘starting’ and ‘ending’
conformations of a motion (in kcal/mol).

(56,57)
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Table 1. Continued
B
Attributes

Value

Description

Reference

Motion dataset
d=

goldstd

List of approximately 220 ‘gold-standard’ manually curated motions

(56,57)

auto

List of approximately 4000 conformational different proteins based on analyzing
the SCOP database for similar proteins with large conformational differences
(as measured by RMS) but close sequence similarity.

(56,57)

caff

YPD + 8 mM caffeine.

(58)

cyss

Cyclohexmide hypersensitivity: YPD + 0.08 µg/ml cycloheximide at 30°C.

(58)

wr

White/red colour on YPD.

(58)

ypg

YPGlycerol.

(58)

calcs

Calcofluor hypersensitivity: YPD+12 µg/ml calcoluor at 30°C.

(58)

Transposon conditions
b=

Misc. quantities
q=

hyg

YPD + 46 µg/ml hygromycin at 30°C.

(58)

sds

YPD + 0.003% SDS.

(58)

bens

Benomyl hypersensitivity: YPD + 10 µg/ml benomyl.

(58)

bcip

YPD + 5-bromo-4-chloro-3-indolyl phosphate at 37°C

(58)

mb

YPD + 0.001% methylene blue at 30°C.

(58)

benr

Benomyl resistance: YPD + 20 µg/ml benomyl.

(58)

ypd37

YPD at 37°C.

(58)

egta

YPD + 2 mM EGTA

(58)

mms

YPD + 0.008% MMS.

(58)

hu

YPD + 75 mM hydroxyurea.

(58)

ypd11

YPD at 11°C.

(58)

calcr

Calcofluor resistance: YPD + 0.3 µg/ml calcofluor at 30°C.

(58)

cycr

Cyclohexmide resistance: YPD + 0.3 µg/ml cycloheximide.

(58)

hhig

Hyperhaploid invasive growth mutants.

(58)

nacl

YPD + 0.9 M NaCl.

(58)

pseu

Number of pseudogenes in worm genome matching a particular PART.

(59)

func

Total number of functions associated with this PART. (In this survey all
non-enzyme functions were grouped into a single category.)

(60)

enz

Total number of enzymatic functions associated with this PART.

(60)

size

Average length of a PART in the pdb40d clustering of the PDB.

age

The year of the first structure that is part of the PART was determined.

The formalism for specifying an attribute has two parts: an overall category, denoted by a single uppercase symbol, and some parameter choices, which are
denoted by lower case arguments to the first symbol. Some examples for folds will suffice to make this clear: G(aful) is the genome occurrence of a particular fold
in A.fulgidus; M(nhinges,goldstd) is the maximum value of the number of hinges statistic from surveying a set of motions in the gold-standard subset of the Macromolecular Motions Database, where this statistic is only calculated for the entries in the motions database that are associated with a particular fold; and
I(pdball,inter) is the number of distinct types of protein–protein interactions found in a survey of the PDB, subject to the restriction that the interactions must be
between folds on different chains.
aH.Hegyi, J.Lin and M.Gerstein, manuscript submitted for publication.

The data were obtained in the following fashion: Once a
library of folds has been constructed, representative sequences
can be extracted (31). Then one can use these to search
genomes by comparing each representative sequence against
the genomes using the standard pairwise comparison
programs, FASTA (32) and BLAST (33) and well-established
thresholds (34).
Alternatively, one can build up profiles by running each
representative sequence against PDB with PSI-BLAST and

then comparing these profiles against each of the genomes.
This latter procedure is more sensitive than pairwise comparison
and relatively efficient once the profiles are made up.
However, in doing large-scale surveys one has to be conscious
of the potential biases introduced due to the profiles being
more sensitive for larger families, which often results in the big
families getting even bigger.
After the structure assignment, it becomes easy to
enumerate how often a fold or structure feature occurs in a
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given genome or organism. Detailed information can be
found in previous reports (H.Hegyi, J.Lin and M.Gerstein,
manuscript submitted; 19,35,36). This pools assignments
from previous work (37,38).
Alignment
Number of structures. We did a comprehensive set of structural
alignments of structures in the PDB structure databank (39–41).
The number of structures and aligned pairs used in these
comparisons, which are based around Astral (31), give
approximate measures of the occurrence of folds in the PDB.
Comparison of these values to those for genome occurrence
provides a measure of how biased the composition of the PDB
is (42).
Sequence diversity. The scores from the alignments indicate
the sequence diversity between the related structures within
folds or superfamilies, in terms of percentage sequence identity
and a sequence-based P value. P values are useful measures of
statistical significance of the similarity calculation. A P value
is the probability that one can obtain the same or better
alignment score from a randomly composed alignment. A
smaller P value is less likely to have been obtained by chance
than a larger P value. Large P values close to 1.0 indicate that
the similarity is characteristically random and thus insignificant.
Structural diversity. We also give analogous measures of the
diversity of the structures with a given fold, allowing one to
rank folds by their degree of variability. We tabulate
untrimmed and trimmed RMS, along with the structural
P value. RMS, root-mean-squared deviation in α carbon
positions, has been the traditional statistic that gauges the
divergence between two related structures. Smaller RMS
scores indicate more closely related structures. However,
sometimes a few ill-fitting atoms may significantly increase
the RMS of structures known to be similar. To compensate for
this we also report a ‘trimmed’ RMS for a conserved core
structure, which is based on the better fitting half of the aligned
α carbons, and structural P value, which compensates for other
effects such as structure size. For details, see Wilson et al. (39).
Composition
This allows us to see which folds are most biased in composition of particular amino acids. We use various levels of the
Astral clustering of the SCOP sequences to arrive at the
composition (31).
Expression
Three techniques are frequently used to obtain genome-wide
gene expression data. They are Affymetrix oligonucleotide
gene chips, Serial Analysis of Gene Expression (SAGE) and
cDNA microarrays (43–45). SAGE and, to some degree, gene
chips measure the absolute expression levels (in units of
mRNA transcripts per cell), while microarrays are used to
obtain the expression level changes of a given open reading
frame (ORF) as the ratio to a reference state.
A main motivation for expression experiments is often to
study protein function and to characterize the functions of
unannotated genes. However, this does not preclude relating
other attributes of proteins, such as their structure, to expression data. For instance, it may be that highly expressed protein

folds share a number of characteristics, such as a particularly
stable architecture or a composition biased in a certain way.
Relating expression and structure involved matching the PDB
structure database against the genome and then summing the
expression levels of all ORFs containing the same fold.
However, if one is trying to find genes expressed in a particular
metabolic state, PartsList is not the right place to look.
Absolute. The absolute expression level data gives a good
representation of highly expressed genes. All the experiments
currently indexed by PartsList are for yeast. For each experiment, in addition to ranking based on the average expression
level for a fold, we also consider the composition in the transcriptome and the enrichment of this value relative to its
composition in the genome. Transcriptome composition is the
fractional composition of a fold (relative to that for other folds)
in the mRNA population. In other words, it is the composition
of a fold in the genome weighted by the expression levels of
each of the genes. The enrichment is the relative change
between the composition of a fold in the genome and the transcriptome. Further details are provided in previous reports
(46,47). We report values for experiments from a number of
different labs (43,48–50) and a single reference set that merges
and scales all the expression sets together.
Ratio. The expression ratio data shows the most actively
changing genes over a period of time (e.g. cell cycle) or based
on a change in states (e.g. healthy versus diseased). Source
data for expression ratios are the fluctuations in expression of
a certain fold over a period of time (e.g. the cell cycle). These
are measured in terms of standard deviations for a particular
fold, which is calculated from the average of the expression
ratio standard deviations for each gene that matches the fold
structure.
Interactions
Information on protein–protein interactions is derived from
surveys of the contacts in the PDB and the experiments in
yeast.
PDB. To determine which domains interact with one another in
the PDB entries indexed by SCOP (9580 at the time of the
analysis), the coordinates of each domain were parsed to check
whether there are five or more contacts within 5 Å to another
domain, as described by Park et al. (51). The distance of 5 Å
was chosen, as this is a conservative threshold for interaction
between two atoms, where the atoms are either Cαs or atoms in
side chains. The five-contact threshold was chosen to make
sure the contact between the domains was reasonably extensive. (In fact, the number of domains identified as contacting
each other hardly changed for thresholds between one and 10
contacts and 3 and 6 Å distances.)
Yeast. The interactions between structural domains in the yeast
genome were obtained by assigning protein structures to the
yeast proteins using PSI-BLAST and PDB-ISL as described by
Teichmann et al. (52,53). Assigned structural domains
contained within the same ORF that were adjacent within
30 amino acids were assumed to interact. (This is generally
true of the domains in the PDB, with a few exceptions, such as
domains in transcription factors like adjacent zinc fingers or
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variable and constant immunoglobulin domains.) To derive
intermolecular interactions in the yeast genome we combined
three sets of protein–protein interactions: (i) the MIPS web
pages on complexes and pairwise interactions (February 2000)
(9), (ii) the global yeast two-hybrid experiments by Uetz et al.
(54) and (iii) large-scale yeast two-hybrid experiments by Ito
et al. (55). Out of all these pairwise interactions known for
yeast ORFs, there is a limited set in which both partners are
completely covered by one structural domain (to within 100
residues). This set of protein pairs was used to derive a further
set of domain contacts in the yeast genome as described by
Park et al. (51).

there is a considerable known rate of false positives associated
with the global protein interaction experiments using the twohybrid method (54,61), and this suggests statistics based on
yeast interactions may be somewhat less accurate. Furthermore, the precise values for the rankings in PartsList are also
contingent on the evolving contents of various databanks.
Thus, over time as more structures are determined, one should
expect statistics such as the most common folds in a particular
genome to change somewhat. A very detailed discussion of the
expected errors in the various quantities in PartsList is available on the web from the help section.

Motions

RANKING ALL THE FOLDS BASED ON EXTRINSIC
INFORMATION

Information on motions is from the Macromolecular Motions
Database (56,57). We consider a set of approximately 4400
motions automatically identified by examining the PDB and a
smaller, manually curated set of motions. For each fold we
determine the number of entries in the motions database that
are associated with it. Then, over this set of motions we either
average or take the maximum value of a number of relevant
statistics describing the motion, i.e. the maximum Cα displacement in the motion, the overall rotation of the motion and the
energy difference between the start and endpoints of structures
involved in the motion.
Transposon sensitivity
Ross-Macdonald et al. (58) developed a procedure for
randomly inserting transposons throughout the yeast genome.
They investigated the phenotypes resulting from each insertion
in 20 different growth conditions in comparison to wild-type
growth. The experiment for each insertion in each condition
was repeated several times. If the observed phenotype of the
mutant deviates from the average wild-type phenotype, this
could be either because of a real effect of the mutation on the
cell or it could just be a typical variation of the phenotype of
wild-type cells. We developed a P value score that measures
the degree of confidence that the observed phenotype results
from randomly changing wild-type cells. The negative logarithm of this P value rises with the significance of the phenotype measurements and can be understood as the sensitivity of
the cell to mutations in a particular gene. We calculated a value
for the transposon sensitivity for protein folds by geometrically
averaging the P values of the associated genes.
Miscellaneous
The miscellaneous section includes any information that does
not fit into a major category. It includes: number of pseudogenes in worm associated with a fold (59), total number of
functions and number of enzymatic functions associated with a
fold (60), the average length of the sequence, and the year the
domain structure was originally determined.
Errors
The above data, of course, have systematic and statistical
errors. For some attributes we expect considerably smaller
errors than others. For instance, we expect the numbers related
to the sequence composition of different folds (e.g. the Ala
composition) to be particularly accurate, since the only factors
affecting these are errors in the underlying sequence of the
protein and in the SCOP fold classification itself. In contrast,

The PartsList resource facilitates exploring extrinsic information by dynamically ranking protein folds in different contexts,
such as genome and expression levels. We provide three tools
for visualizing the rankings: Comparer, Correlator and
Profiler. The overall structure of PartsList is schematically
shown in Figure 1.
Comparer
The motivation behind Comparer is to allow one to rank folds
according to a given attribute and then see the ranks associated
with other attributes. The ranking attribute and the additional
attributes are selected by the user. Figure 2A shows an
example. The most common folds in E.coli are shown alongside three other attributes: fold occurrence in yeast, fluctuation
in expression level during the yeast cell cycle and fluctuation
in expression level in E.coli during heat shock. Which
displayed attribute is used to rank the folds can be easily
changed; in the example in Figure 2A the report can be resorted based on the other three attributes by clicking on arrows.
Profiler
In principle, Profiler presents the same information as
Comparer. However, it shows the progressing pattern for
several pre-selected categories and is intended to give people
an easy-to-use interface that gives some simple views of the
data. Figure 2B shows an example that highlights the phylogenetic pattern of fold occurrence in 20 genomes.
Correlator
Correlator uses linear and rank correlation coefficients to
measure the association between two selected attributes. The
difference between these two types of correlation coefficients
is that the former relates to the actual values while the latter
relates to the ranks among the samples. The interpretation of
the linear correlation coefficient can be completely meaningless if the joint probability distribution of the variables is too
different from a binormal distribution. This is the reason for
introducing the rank correlation coefficient. Correlator
provides both coefficients for the selected quantities. In most
cases, they are close. For example, the linear correlation coefficient and rank correlation coefficient for fold occurrence in
genomes Archaeoglobus fulgidus and Methanococcus jannaschii
(Aful and Mjan) are 0.88 and 0.77, respectively, while the
corresponding coefficients for fold occurrence in A.fulgidus
and Saccharomyces cerevisiae (Scer) are 0.52 and 0.48,
respectively. This is not surprising, as the first two genomes
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Figure 1. The overall structure of PartsList. Three tools (Profiler, Comparer and Correlator) provide an easy way to access and manipulate the display of the dataset. With these tools, users can isolate interesting folds and obtain fold reports about them. Further clicks take one to PDB report, which gives detailed information
about an individual structural domain, including its genome occurrence, alignment information, molecular motions, functional annotation, interactions and core
structure.

are both Archaeal, while in the second comparison one genome
belongs to Archaea (Aful) and another to Eucarya (Scer). As
one would expect, the fold occurrences for the more closely
related genomes have a higher correlation.

In addition to the coefficients, Correlator displays a scatter
plot to aid in visualizing the correlation between the selected
fold attributes. Figure 2C shows the scatter plot for the second
example above: the correlation between occurrences in the
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Figure 2. Sample displays. (A) A sample Comparer display: the four selected attributes are the fold genome occurrence in yeast, the analogous quantity for E.coli,
fluctuation of expression level for CDC28 synchronized yeast cell during the cell cycle, and the corresponding values for E.coli to heat shock. [Using the nomenclature in Table 1 these quantities are G(scer), G(ecol), F(cdc28) and F(heatec).] The folds are ranked in terms of fold occurrence in E.coli and the most common
fold here is the TIM-barrel (represented by the SCOP domain d1aj2__). If one clicks the ‘Display ranks’ button, the values in the cells will be replaced by the ranks
in their respective columns. By clicking the ‘re-rank’ arrows, one can also obtain other views by sorting on other attributes. (B) Occurrences of folds in 20 genomes
in Profiler. (C) Correlation between the fold occurrences in the A.fulgidus and S.cerevisiae genomes [G(aful) and G(scer)]. Both linear and rank correlation coefficients are calculated. The linear correlation coefficient is defined as: R = [1/(N–1)]X·Y, where X and Y are two vectors with N elements. Each element of the X
vector is normalized thus: Xi = (Xi′ – X)/σx, where X and σx are the average and standard deviation, respectively, of the values of the original data vector X′. Y is
normalized in a similar fashion. For two perfectly correlated datasets, R = 1, while for two completely uncorrelated datasets, R = 0. If we replace Xi by its rank among
all the other Xi in the sample (i.e., 1,2,3 … N), then we get the rank correlation coefficient. A scatter plot is also shown to help in visualizing this correlation.

A.fulgidus and S.cerevisiae genomes. One can easily observe
that some folds appear frequently in Scer but seldom or never
in A.fulgidus. By clicking on a point on the plot, one obtains
detailed information about the corresponding fold. This kind of
plot can reveal interesting folds with certain relationships
between attributes even though in some cases the overall
correlation coefficients between the two attributes are almost
zero (i.e. no correlation).
POWER-LAW BEHAVIOR OF MANY DISPARATE
ATTRIBUTES
Going back and forth between Correlator and Comparer allows
one to see interesting relationships between disparate attributes
of proteins. Figure 3 illustrates a comparison of two attributes,
functions and interactions. It shows a ranking of the folds that
have the most interactions in the PDB in comparison to those
that have the most functions. It is immediately apparent that
there are only a few folds with large values of either attribute,
i.e. many functions or interactions. Moreover, the most multifunctional folds also have the most distinct interactions with

other folds, suggesting that a few a folds may function as
general-purpose parts.
In fact, the uniform system of ranks in PartsList shows that
‘only a few folds having large values for an attribute’ is a
generally true statement for many of the disparate attributes
catalogued by the system. Moreover, the falloff from high to
low values for a given attribute often follows a power-law
distribution. That is, the normalized frequency F that a number
of distinct folds have a particular attribute value V follows a
functional form like:
F(V) = aV–b
where a and b are constants. Note that F(V) is just the number
of folds with an attribute value V divided by the total number
of folds and that on a log–log plot this function becomes a
straight line with slope –b. Often the attribute value V itself
reflects the ‘occurrence’ of a fold in a particular context,
e.g. V could be the number of times a given fold occurs in a
particular genome. Quantities that follow a power-law-like
behavior are often said to have a form like that of Zipf’s law,
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Figure 3. The relation between the number of functions associated with a protein fold and the number of distinct protein–protein interactions it has (based on a
survey of the PDB). These are X(func) and I(pdball,none) using the nomenclature in Table 1. This relationship can be displayed both in Comparer (left) and
Correlator (right).

which often occurs in the analysis of word frequency in
documents (62).
Thus far, this general conclusion is described in language
sufficiently abstract to accommodate the many different types
of attributes in PartsList. A few concrete examples will make
the conclusion clearer. For instance, we find that in genomes
most folds occur only once while there are only a very few
folds that occur many times. An illustration is shown in the
upper panel of Figure 5 for E.coli. The x-axis is the number of
times a particular fold occurs in the E.coli genome and the
y-axis shows the number of distinct folds that have same
occurrence. (This is normalized by dividing by the total
number of folds so that the maximum value on y-axis is 100%.)
From the log–log format of the plot, one can immediately see
that the falloff obeys a power-law, with a few folds occurring
many times and most only once or twice. The middle panel
shows other attributes that display similar power-law-like
behavior, including expression level in yeast, number of functions associated with a fold, and number of protein–protein
interactions found in the PDB. Of course, not all attributes
follow a power-law. The lower panel shows two of these less
typical attributes: Asp composition in a fold and average
number of residues involved in a motion.

One of the strengths of the uniform numerical system of
ranks in PartsList is that it puts everything into a common
framework so that one can see similarities across disparate
attributes. We believe it would be difficult to see a common
power-law behavior for many aspects of protein structure
without PartsList.
TRADITIONAL SINGLE-STRUCTURE REPORTS
In addition to the tools that compare and relate the extrinsic
properties of protein folds, we provide traditional reports that
are more focused on an individual structure.
Occurrence report. This allows users to see the number of
times that a fold corresponding to the queried protein structure
occurs in various genomes. This gives a phylogenetic profile of
the occurrence of a particular fold in 20 genomes, similar in
spirit to the fold patterns discussed earlier (19).
Function report. This summarizes the functional classification
of the queried PDB structure. It merges a number of functional
classifications, including FlyBase (10), ENZYME (63),
GenProtEC (64) and MIPS (9). Our approach to functional
classification is described in a number of previous publications
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Figure 4. A sample PDB report for structure 1AMA. The report summarizes the relevant information for this domain, including genome occurrences, alignment,
motions, function classification, core structure and rankings. By clicking on the headers, one can get the detailed reports for these quantities.

(e.g. 39,60). In short, we used pairwise comparison to crossreference the PDB domains against SWISS-PROT. Depending
on whether they had an Enzyme Commission (EC) number, we
were able to divide all entries into enzymes and non-enzymes,
a division that represents the highest level in our classification.
(For the enzyme category, we only transferred EC numbers to
those SCOP domains with a one-to-one match to a SWISSPROT enzyme.) In the absence of an EC-type classification for
non-enzymes, we assigned functions to non-enzymatic SCOP
domains according to Ashburner’s original classification of
Drosophila protein functions. This classification is derived
from a controlled vocabulary of fly terms, is available on the
web and is loosely connected with the FlyBase database (10).
It has recently been superceded by the GO functional classification (65). MIPS and GenProtEC classifications to SCOP
domains were assigned based on sequence comparisons to
classified yeast and E.coli ORFs, respectively. The SCOP
domain most closely matching each ORF classified in MIPS or
GenProtEC was assigned the corresponding MIPS or

GenProtEC function number. Only matches of ≥80% sequence
identity were considered.
Alignment report. This gives detailed information on structural
alignments available between pairs of protein domains associated
with a fold. A pair viewer is provided, which gives many key
statistics about the alignment (e.g. RMS, sequence identity,
number of fit atoms, etc.), in addition to a listing of the actual
aligned residues. Both HTML and parseable text views are
available.
Interaction report. This shows all the pairs of protein–protein
interactions associated with a fold based on either the PDB
survey or yeast genome data.
Rank report. This highlights the top-five and bottom-five
ranked attributes associated with a fold. It also shows all
attributes ordered by the rank they are given in that fold. Thus,
it highlights for a particular fold the attributes with respect to
which it most stands out. That is, it highlights the ‘outlier
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summary of the occurrence report; (ii) a summary of the alignments
available for structures in the same superfamily and fold; (iii) a
description of motions and motion-movies associated with the
structure in the Macromolecular Motions database (56,57);
(iv) a summary of the merged functional classification; (v) a
core structure, if available (66); (vi) ranking tables of the
queried structure in various datasets; and (vii) a summary of
the interactions report. Figure 4 shows a sample PDB report for
structure 1AMA.
Fold report. This lists all the SCOP domains associated with
the queried fold and provides information (similar to that in the
PDB report) that is common to all, i.e. genome occurrence,
alignment report and rankings.
DISCUSSION
We developed a web-based system for dynamically ranking
protein folds based on disparate attributes, including fold
occurrence in various genomes, expression level, alignment
statistics, protein–protein interactions, motion statistics and
transposon sensitivity. Three ranking tools are provided,
Comparer, Profiler and Correlator, which can help users to
place one fold in context of all other ones. The uniform system
of ranks employed by PartsList provides a good framework for
comparing different experiments and gaining a broad perspective on the complexity of genomes.
We anticipate that PartsList will have a relatively stable
number of entries (i.e. folds), while for each entry the attributes
that describe it will increase over time. In the future, as experiments yield new information, PartsList will include more and
more attributes. In particular, we anticipate that much new
expression information will be incorporated. We also plan to
develop a form to allow automatic submission of new ranking
attributes and to encourage people to submit any ranking information.
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Figure 5. Some novel relationships that are highlighted by the PartsList system.
(Top) The occurrence of folds in the E.coli genome plotted on a log–log scale,
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with constants a = 0.35 and b = 1.3 (see text). (Middle) Other attributes that
also follow power-law behavior: the average expression level according to our
merged and scaled set [L(ref) with a = 0.3 and b = 1.2), the number of protein–
protein interactions [I(pdball,none) with a = 0.52 and b = 1.6], and the number
of functions [X(func) with a = 0.76 and b = 2.5]. (Bottom) Some attributes
that do not follow power-law behavior: the Asp composition of the fold
[B(Ala,pdb100)] and the number of mobile residues during a motion
[M(nresidue,auto)]. The fold occurrence in E.coli is plotted as a reference.

attributes’ of each fold, the way each fold is most unique. The
rank report could be used, for example, by a protein engineer
interested in determining the unique properties of a structure
he is working on.
PDB report. This summarizes all the information concerning a
domain or a representative PDB structure. It includes: (i) a
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