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ABSTRACT

It 1s a major problem in the study of protein structure to predict
which proteins have new, currently unknown structural folds. In
an attempt to address this problem we studied the location of ail
proteins with solved structures within the map of all known
protein sequences provided by ProtoMap. The mutual distances
m this map among solved structures are used to derive a
probabihstic model from which we infer an estimate for the
probability of an unsolved protein to have a new fold. The
probabihities were based on data from SCOP release 1.37. The
results were evalualed agamnst the more recent SCOP pre-release
1.41. Our predicted probabilities for unsolved protemns to have a
new fold are very well correlated with the proportion of new
folds among recently released structures. Thus, information about
the structure of proteins can be inferred from a global relanonal
view of prolem sequences. Finally, the same procedure was
apphed to estimate probabilities on the basis of SCOP 1.41. A
hist of the highest sconng proteins 1s provided: These are about
80 non-membranous proteins that belong to cluslers with more
than 5 proteins and achieve the highest probability to have a new
fold. A rational selection for 3D determination of those targets is
expected to accelerate the pace of new fold discovery.
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1. Introduction

Solving the structure of all representative proteins 1s a major goal
of present day biology. The number of known protein sequences
already exceeds 300,000, and 1s rapudly growing. In the
foreseeable future 1t wrll be mpossible to expenimentally solve
so many structures. Therefore, 1t 15 necessary to find ways to
predict some key structural properties of a protein based on s
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sequence and on data derived from structurally solved proteins.
Current attempts t© computationally determine a proten’s
structure based on sequence alone still have a limited success,
partly due to the shortage in solved structures that can be used as
models. To quote from the structure-based functional genonucs
meeting in Avelon, New-Jersey 1998: “Structure determination
of 10,600 propetly chosen proteins should result in useful three-
dunensional models for hundreds of thousands of other protein
sequences. In other words, structural genomies will put each
protein within comparative modeling distance of a known protein
structure” [16]. In order to realize this vision, the structural
communty must first select those properly chosen target
proteins. Clearly these target proteins should include
representatives of all possible structyral folds (discussed 1 [7],
(8], [9), [11] and [17]).

Assignment of structures to protgomes 1s  addressed by
computational as well as by experimental approaches. Those
protemns, for which no related structure is known, can form a
basis for a list of targets likely to have unknown folds [16} The
total number of protein folds in the entire protetn umverse 1s
unknown [3], [5]. This number was esumated to be around 1,000
(1], but, esumates ranging from 700 to over 10,000 were made
{21, [14], [18) and [4]. The total number of currently known
protein folds 453 according to the SCOP 1.41 classification [6]
and 635 folds (topologies) according to CATH 1.5 [15].

In this study we address the problem of compiling a list of target
protems by estimating the probability for each provein 1o have a
new fold. We use the siructures in SCOP 1.37 to estumate the
probability of each protein to have a new fold We venfy our
estimation procedure by verifying our estimated probabilities
against newer structures from SCOP 1.41. Having vertfied our
procedure, we apply it to the structures in SCOP 1.41 to generate
up-to-date estimations

Our target hst consists of those protemns whose esumated
probabihity to have a new fold is highest.

2. Prediction Procedure

We employ two classifications of proteins: ProtoMap [19] and
SCOP (13). ProtoMap is an antomatically-generated hicrarchical
and relattonal classification of all protein sequences 1n
Swassprot. We use the most relaxed level of classificatton (level
e-0) of ProtoMap version 2.0. This version mncludes 72,623
protein sequences that are classified to 13,354 clusters.
ProtoMap can be accessed at hitp://www.protomap.cs.huji.ac.il.
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Each cluster of sequences in ProtoMap has a weighted hst of
related clusters. Weights (called guality) range from 0.0 to
1.0 and reflect the stanstical significance of the relatedness. The
lists of related clusters encode many biological meaningful
relations and form the basis for mapping the protein space [19).
One can define a graph whose vertices are all the closters 1n
ProtoMap level e-0. Edges connect each cluster to the clusters
related to it. This graph can be “clipped” at dhfferent thresholds,
by eliminating all edges below a given threshold. Consequently,
each threshold yields connected components of different size and
connectivity.

SCOP is a hierarchical classification of all known protein
structural domains [13]). We have studied SCOP release 1.37
(5,741 natural protein entries that were registered at the PDB
database prior 1o 1997, 20 Oct). This release comprised 11,748
records of 2,264 domains. The transformation from the number
of PDB entries to the number of SCOP records and SCOP
domains reflects (1) parsing of the proteins to their structural
domains (n) grouping of entries in SCOP records that reflects the
redundancy within PDB. These 2,264 domains are classified to
834 famulies, 593 super-famihes, 427 folds and 8 classes. Two
more classes — “designed proteins” and “non-protein” are not
considered in thus study. SCOP can be accessed at
hutp://scop.mre-lmb.cam.ac.uk/scop.

Our hypothesis 1s that distances on the ProloMap graph are
consistent with distances between protein features, including
therr structure, This hypothesis 1s based on numerous bioJogical
test cases that were manually evaluated [10] and [19]. We
describe below an exploration of the distances in the ProtoMap
graph between known structures, and extract from ths
exploration a statistical estimation of a protein’s probability to
have a new fold.

2.1 Mapping SCOP Domains to Swissprot

Protein Chains
We start by mapping each domain in SCOP (o the sequence(s) 1n
Swissprot that form that domain.

Of the 2,264 domains, 1,986 mapped successfully. Most (170
demams) of the unmatched domains are variable regions 1n
mmmunoglobulins that have no corresponding sequence. The rest
(108 domains) are well distributed and are the result of
inconsistencies between records in SCOP, PDB, and Swissprol.
Our discussion 1gnores all these unmatched domains.

Mapping of domains to sequénces can be viewed 1 both
directions We say that a sequence is occupiedif it maps to to
at least one domain, and is vacnat otherwise. Of the 72,623
sequences, 1,688 are occupred.

We extend the mapping of sequences 1o folds, by saying that a
sequence maps to a fold if it maps to a domain that 1s classified
to that fold. Of the 427 folds 1n SCOP, 411 mapped to sequences.

We extend the mapping of folds to clusters, by saying that a fold
maps to a cluster if 1t maps to a sequence that is classified to that
cluster. We say that a cluster 1s occupied if it maps to any
fold, and vacant otherwise.

Of the 13,354 clusters in ProtoMap (at the most relaxed level of
classificanon, e-0), 756 are occupied. The distribution of the
number of occupied sequences 1n each occupied cluster is shown
in Fig, 1.

2.2 Assigning Representative Folds for
ProtoMap Clusters

Since many proteins are muiti-domain, a sequence may map to
several domains, which usually have distinct folds. Of the 1,688
occupied sequences, 352 {21%) map to more than one domain.
This creates a problem when one tries to investigate structure,
which is domain onented, using ProtoMap, which ts whole-
protemn onented. The problem is illustrated in Fig. 2. Panel B
illustrates a problematic ProtoMap cluster Sequences no. 1 and
5 are m that cluster due to false transitivity - they have different
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Each paliet illustrates a hypothetical cluster. The shapes symbol folds,
and the lines with the shapes on them symbol sequences that have
ihe respected folds.

Fig. 2 - Multi-domain problem illustration 1
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folds, and furthermore, it 15 possible that there 1s no fold x that
appears onh any protein with the triangnlar fold and on another
protemn with the pentagonal fold. Panel A 1llustrates a more
regular cluster. Aimost all the proteins in the cluster share a
common fold, but some of them have other folds in addifion to
that fold In this study, we chose o address with the muli-
domain problem by assigming a single representative fold for
each occupied cluster.

For each occupied cluster, we chose as a representatve, the fold
that maps to the maximum number of sequences 1n that cluster
(if more than one fold was maximal in that respect, one was
chosen arbitrarily). Thus, 1f we now look at Fig, 2 as if the
illustrated sequences are the occupied sequences in the
hypothetical clusters, then the representauve folds for the
clusters 1n panel A and B would be the square fold and the oval
fold, respectively.

For panetl A, if the occupied sequence faithfully represent all the
sequences 1 the cluster, the assignment of the square fold as a
representative, while simplifying the data, 1s justified. For the
hypothetical cluster in panel B, the oval fold 1s clearly not a
satisfying representative, however, no better choice 1s avalable.

The following statistics describe the distortion generated by the
above process of assigning representative folds to cluster:

In 82% of the occupied clusters, the second best candidate fold
mapped to less than 0.75 umes the number of sequences as the
fold that was chosen as representative.

Off the 411 folds that mapped to sequences, 329 folds were
chosen as clusters’ representatives. Of the remaining 82 folds that
were never chosen as representatives, 44 are coupled to a
representative fold (i.e., every sequence to which they map, also
maps to that fold). These folds add little information to the
information supplied by their coupled fold. Therefore, about 10%
of the folds are not represented 1n the group of representative
folds.

Only B0 sequences do not map to the representative fold of their
cluster. These B0 sequences constitute iess than 6.5% of the
occupied sequences in clusters that include more than one
occupied sequence. Therefore, ProtoMap is selective for SCOP
folds, and the representative fold represents at least some part of
almost all the sequences 1n the cluster.

2.3 Predicting a Proteins Probability to Have
a New Fold

Having observed that ProtoMap 15 selectuve for folds, we can
speak of the “Fold of a cluster” and about the probability that a
cluster’s fold 1s a new, unknown fold. We say that a cluster 1s
new when 1ts (presently undetermuned) corresponding fold is
absent from SCOP, and old otherwise. We wish to predict for
each cluster the probability that 1t 1s new. This 1s done as
follows: Fix a threshold ¢ on the quality of relatedness between
clusters. This defines a graph G, whose vertices are clusters and
where edges connect pairs of clusters whose relatedness is of
quality ¢ or more. Let d{a,b) define the distance between clusters
a and b in G, (1.e. the mimmal number of edges on any path from
a to b G)). The i -neighborhood of cluster ¢ is the group
of clusters whose distance from ¢ 1n G; s no more than i:
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N (ci)={ald (@00 <i)}

We say that an 1-neighborbood of € 15 vacant (f all the clusters
i it are vacant and is occupied otherwise. The vacant-
neighborhood of cluster ¢ 15 the maximal 1-neighborhood of ¢
that 1s vacant. The vacant-neighborhood-widch is the i
of the vacant-neighborhood:

VNW, (c)= max§i | N, (c;i)e vacant}

VN (c)= N, (c;VAW (c))

Gy 15 not a connected graph, and there are cases where all the
clusters in a connected component are vacant. For a cluster n
such a connected component, VNWi{c)=c0 We define the
isclation size of cluster ¢ as the size of its vacant-
neighborhood, and the isolation type of cluster ¢ as
relative if 1t is in a connected component that 1s not all
vacant, and as full otherwise. These two values together are
the isolation valueofe:

15,{c)=|vN,(c]

relative if VNW, ()< oo
full if VNW, (c)= o

L(e)=(15,(c) IT,(c))

We define two base distributions other the umform distribution
of all clusters: Let ¢ be a random variable uniformly distributed
over the group of all clusters. Than define:

pf=pilI =1 () ce old]

IT,(c)=

Dr[=Pilr = (Nee new|

DP4[1] is the distribution of isolation values of old clusters, and
D" 1s the distribuiion of isolation values of new clusters.
Qur training set for estimating the base distributions consisted of
the entire set of occupred clusters (756 clusters).

To estimate D."”{I], we calculated for each occupied cluster the
isolation it would have had, had it been vacant. To estmate
DI}, we calculated for each occupied cluster wath a
representative fold f, the isolauon it would have had, had all the
accupied clusters represented by the same fold f been vacant. We
then gathered the data to bins of isolation values. The data
immediately suggest partitioning the range of 1solation values
into three buns: (z, full), (1, relative), and the rest of the
values, where z stands for any value. We define the bins of
isolation values as follows:
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The base distnbutions for threshold 0.0 (A), threshold 0.1 {B) and
threshold 0.3 (C) are shown. The bins are defined as detaled in the
text. O Number of clusters counted in the training set in the bin
according to D.°"’[l] (left Y-axs). ®m Number of clusters counted in the
traming set in the bin accordng to O™ [1] (1eft Y-axis). & PyNewll} -
Expecled probability to be new for clusters in the bin (right Y-axs).
The dashed line indicates the a priori probability to be new.

Fig. 3 - Base distributions

s if [IT, (c)= relative]A [IS, (c)= 1]

)=

1 if [T, (c)=re1ative]alx <15, (c)]
£ if IT.(c)=full

where s stands for small, m for medium, 1 for large and £
for full.

The parameter x was determined to maximuze the difference
between D[] and D/*[I}], by maximzing the Kullback-Letber
divergence between the two distributions (DD 1 D**)).

We performed the estimation process for three thresholds: 0.0,
0.1 and 0.3. The values determuned for the parameter x were 8,
19 and 12 respecuvely. Fig. 3 describes the three pairs of base
distnbutions that denved from the estimation process.

In order o transform the distnbutions to probabilities we have to
include the pnor probabihity of a cluster to be new. This pnor
probabiluy for a new fold 1s based on the number of currently
discovered folds (427, according to SCOP 1.37) and on the
cstimation of total number of folds, for which a rather
conservative estimate of 1,000 15 taken [1]. Based on this
assumption, we calculated the overall probability of any fold o
be new:

Prinew| = 1 - (total number of known folds) / (rotal number of
folds) = 1 - 427 / 1000 = 0.573.

We defined the distribuiion of Isolation values of all vacant
clusters:

mif [IT,(c)=relative]a[2<IS,{c)< x]
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D, HE Pl'l_i = (c)ice vacam‘J:
Prlrew]}* D [f ]+ (- Pr[new])* D™ [f]

The probability that a cluster is new, given 1ts 1solation value 1s:

o~

Pr, Lnewl f]: Pr, [I Inew]* _Pr[new] _

D, lf]
D" [f ]* Pr [new]
p ]

For each cluster ¢, the probabiltty that 1t is new 15 given by:

Pr,fce new]="Pr, ktew i (c)]

Fig. 3 shows the values calculated for the probabulity that cluster
be new for each bin of 1sclation values, for all three threshold we
used (Pryofnewif], Pry i[newlf], Prysfnew\E]). There seems 1o be
a paradox m the probabilities assigned (o the fu11 1solation bin.
One would expect that the probability of a cluster in the full
1solation bin to be new be higher than the probability of a cluster
in the 1arge solation bin. This paradox 1s discussed later.

We now wanted 1o choose one final probabulity function. Since
DulDss™ 1 Dgs™"] was significantly lower than DulDy 7
Dy ™1 and DufDus™ | Dys™"), we continued analysis only for
thresholds 0.0 and 0.1

We next used the membranous proteins as a test case. So far,
there are only very few membranous protein domains whose
structure 1s solved {mostly classified as SCOP class 6). Therefore
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We say that a cluster 1s membrarous when no less than a third
of the sequences in the cluster have two or more iransmembrane
regions, according o Swissprot records. At each threshold we
compared two distnbutions of all clusters vs. the membranous
clusters distnbution to the different bins. The ralio between the
percentage of membranous clusters that fall into each bin and the
percentage of all clusters that fall into it 15 shown n this figure (Y-
axis}. (A) - threshold 0.0, (B) — threshold 0.1 and (C) -~ combined
bins The (expected) shift of membranous clusters towards the
bins predicting high probabilities to be new is clearly seen.

Fig. 4 - Membarnous clusters test

we expect clusters of membranous proteins (o have higher
probabilities to be new than the rest of the clusters. For this test
only proteins with multiple membrane spanming regions were
considered The analysts described in Fig. 4A-B shows that the
probability functions we calculated indeed assign higher
probabihities to membranous clusters The probability function
calculated using threshold O 1 shows best this feature. For
threshold 0.1, the ratio ranges from 0.22 1a the lowest probability
bin to 6.45 1 the highest bin; a factor of 29.5. For threshold 0.0,
this factor 1s 20. The higher factor that was found for threshold
0.1 is 1 accord with the higher probability assigned to its lughest
probabihity bin (0.82 vs. 0.76).

In view of the membranous proteins test results, we decided to
combine Prgg and Pry;. Our final isolagon value bins and

probability  function were  defined as
follows:

Fo)= Bole) if Fpofe)=1v iy e)=1
combmned - A .
a  iffle)=1aT,(c)=1

Pr. combused

Pl' Pf() 1 [C € new]if immbmed (C) *a

combined

[ce new|= A
Pr,, [c € new]lf Lo orbmed (c)=a
where a stands for added.

Table 1 lists the probability to be new Priompnes assigned to each
cluster according to its 1solation value bin.

occupied small full medium Added large
000 0.45 0.62 0.62 075 082
Table 1 - Proompnes based on structures in SCOP 1.37

B
Prob.:

3. Evaluation of Prediction

At this point we had fixed Preompines as our prediction and had
not change 1t any further.

QOur predicion and the use of a statistical-computational
approach are based on all records in SCOP release 1.37. We
tested our prediction on pew structures that are included in the
currently pre-released SCOP 1.41.

We repeated the process of mapping domains 10 sequences using
the records of SCOP 1.41. Following the procedure 2,428
domains that constitute 438 folds were successfully mapped. Out
of these 532 domains and 60 folds are new. We keep the
defimtions of occupied and vacant sequences to indicate
the status of sequences regarding SCOP 1.37. We say that a
sequence 18 1.41 occupiedif itis vacant and maps to a
domain m SCOP 141. We say that a cluster 1s 1.41
occupied if 11 contains at least one sequence that is 1.41
occupied. Our test set was the group of 1.41 occupied
clusters. We assigned each of these clusters a fold based on both
the occupied and the 1.41 occupied sequences n it (we
apphed the same process we used for assigning representative
folds from SCOP 1.37). Due to ProleMap’s selectivity for folds,
a 1.41 occupied cluster is most likely new if its (1.41)
representative fold 15 new.

Fig. 5 describes the proportion of new clusters among the 1. 41
clusters n each Premsnes bin. Our expectation from the
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Fig. 5 - Proportion of new folds in each bin

probability function is that 1t should keep order with the real
distribution describing the probability of clusters to be new. That
is 1l for bins A and B, Pr A[A] > Proompmed BJ, we would like
that the proportion of new clusters 1 bin A be higher than the
proporuan of new clusters 1n bin B. The results in Fig. § fully
support that expectabion.

4. Splitting the full Isolation Bin

The esumated probability to be new for the full isolaton bin
seems hke a paradox: Let b be a cluster with isclation
type full. let a be a cluster with isclation type
relative. It would have been more reasonable had the
probability to be new of cluster b been higher than the

probability 1o be new of clusier a, regardless of the 1solation size
of either cluster.

There probablity are transiove relations between clusters that
ProtoMap misses, some because the intermediate proteins
between the clusters are unknown. Because of this, we cannot
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Each circle represents a cluster, lines represent edge between
related clusters.

Assume that the only occuped cluster in the illustrated graph 1s
cluster ¢. For both cluster a and cluster b, their respected 1-
neighborhoeds are their vacant neighborhcods, and both these
vacant neighborhoods are of size 4, therelore IS{a)=IS{b)=4

However, IT{aj}=relative and exiending ils vacant-
neighborhood one more step leads to cluster ¢, which is
occupied, whereas ITy(b)=ru11, and no extension of ils vacant-
neighborhood is possible Therefore one can safely assume that
cluster b is at least as distanl as cluster a from any know
structure, and that the estimated probability to be new for cluster
b should be at least as large as the estimated probability 1o be
new for cluster a. Assume now that cluster ¢ 18 vacant, while
cluster d1s occupied. Clusler as vacant neighborhood 1s now it's
4-neighborhoed, and 1S/a)=13. We cannot be sure whether
cluster & is more or less distant than ciuster b from any known
structure.

Fig. 6 - Multi-domain problem illustration 2

say that if a clusters isolation type 1s full, its
probability to be new 1s higher than that of any cluster whose
isolation typeis relative. Looking back at clusters a
and b from our example, we can expect only that if the
isclation sigzes of cluster a and cluster b are the same, the
probabihty to be new for cluster & be higher than the probability
to be new for cluster a (MMustrated in Fig. 6).

We expect our probability to be new function to reflect this
reasoming, however Preomemes assigns a lower probability to be
new for clusters with isolation Eype fuil than to any
cluster except for those that are related to occupied clusters
Ufc)=(l,relative). This problem 1s solved if the full
isolation bin 15 split to two bins: small full, for clusters in
vacant connected components of size I (parallel to bin small),
and medium full, for clusters 1n vacant connected
components of size 2-18 (parallel to bin medium). The size if
the largest vacant connect component in Gpj is 10, therefore -
there is no need for a large full bin. The isolation value
bins should therefore be:



(s if |IT, (c)=relative|a [IS, €)= 1)

m if [IT, (c)=relative]a [2 < IS, (c)< x}
I (C)E {1 if [IT(c)=relative]a[x < 15, (c)]

st if [IT,(c)= full]Aa[IS.(c)=1]

| mf if [I'I; (€)= fulllafz < 1S, (C)]

where sf stands for small full and mf for medium
full.

Estimating Preompines using these bins results in the probabiiity
function described in Table 2. One can see that both the
estimated probability and the observed proportion of new clusters
for bin smail full are mgher than for bin small, and for
bin medium full are gher than for bin medium.

Isolation Estimated Proportion of New 1n
Probabulity SCOP 1 .41
occupied 0.00 0.02
small 0.45 0.15
small full 0.59 0.27
medium 0.62 0.33
medium full 0.66 0.40
added 0.75 042
large 0.82 0.00

Table 2 - Preompimes with split £ull bin, based on structures
from SCOP 1.37

This analysis was performed after the evaluation against SCOP
1.41 and is therfore presented here as a post modification to the
¢stimation process.

5. Up-to-date Estimations Based on SCOP
1.41, and Proposed List of Selected Targets

Having evaluated the estumations based on SCOP 1.37, we
concluded that our procedure for generating these estimations is
reliable. We than apphed the same procedure to the structures
from SCOP 1.41. The only modhfication made to the procedure 1s
the sphitting of the full isolation bin, as discussed n the
previous section. The new Pregmbined probability is shown
Table 3.

Isolation Estumated Probablity
cccupied 0.00
smadil 044
small fuil 4 0.56
medium 0.63
medium full 0.64
added .75
large 0.88

Table 3 - Proompmes based on structures from SCOP 1.41

The boundanes of the bins have not changed. The changes in the
probabilities esumated for each bin are mostly due to the
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changed n the prior. However, the probabilities assigned to
clusters n the neighborhood of newly discovered structures were
changed.

We rcgard the clusters assigned to the top two bins of the new
Preompnca as possible targets for structural determinacon. 599
clusters (4.5% of all clusters) that account for 5.8% of the
sequences are in this list. Following subtraction of membranous
clusters and considering clusters that have more than 5 scquences
it each, the number of clusters in this target st is reduced to 81.
Among, these, 67 clusters ate still to be solved as no significant
homologues are found in the current PDB (dated up to 6
November 1999). SCOP classification of some of these recently
solved structures s still pending. These clusters compose our
proposed list of targets. The list of target proteins associated with
their probability to be new and additional data regarding this

study are avalable av http://www cs huji.acal/~elonp/Targets.

6. Discussion

The discovery of a novel fold may contribute te understanding
functional details of entire protein families, thus, a scheme for
discovering those currently missing folds is desirable [5] and
[12]. Here we present a systematic statisucal-computational
approach according te which the pace of discovermg new folds
may be accelerated. High probability for having new folds is
assigned for 5.8% of the sequences. While our target proteins are
not restricted to any specific organism, they may be incorporated
to protein targets assoctated with numerous structural genomics
projects. The occurrence of our target proteins In various
organisms 15 thus provided.

Our statistical analysis, which produced results at the structural
level of folds, has shown that the related cluster hsis of
ProtoMap capture information about relationship between folds.
ProtoMap 15 based only on sequence information. Thus we have
proved that through a global approach considering relationships
between all known sequences, one can draw information about
structure at the level of protein folds from sequence alone. Our
analysts 1ncludes several heurisuc decisions: The choice of
ProtoMap’s most relaxed level (1e-0); The assignment of a single
representative fold to each occupied cluster; The choce of
1solation values as we defined them as our basic parameter
describing each cluster; the thresholds 04, .1, 0.3 on
relatedness of clusters. Such decisions are required in essenuially
any automated learmng process. A poor choice of features results
in the failure of the leaming process, and features that lead to
successful learning, as indicated by ests, are legtimate.

The multi-domain problem is inherent to any analysis that is
whole-protein oriented. When we consider a certain cluster, we
choose one fold to represent it. If this cluster consists of multi-
domain proteins, than this fold represents only one of its
domains. The multi-demain problem can also lead to false
transitivity of relaiedness of clusters: Let cluster a have domatn
1, cluster & have domains 1 and 2, and cluster ¢ have domain 3.
Cluster @ might be connected wia cluster & to cluster ¢ even
though they do not share any true relatedness. In this study, these
problems add noise to our results, but do not bias them one way
or the other since they occur when we estimate both DY™[IT and
DA



The statstical model that was considered in determining the
probability of a protein to have new fold is very nave. The
information in ProtoMaps related clusters lists, if mined by more
sophisticated information muning techniques (1.e. 1mproved
algorithms and better choice of data features) will probably
provide predictions of the fold dentity of yet unsolved proteins.
This identity could either be a known fold or an unknown fold. In
the latter case, the structure of the fold would not be deterrmned,
but a list of proteins with a hgh probabihity to have this
unknown fold would be supphed.

The results of the prediction success evaluation (Fig. 5) show a
strong correlation between predicted probatnlity to be new and
proportion of new clusters among tested clusters n each bin. Our
predicted probabilities depend on the estimated total number of
folds. Using any value for the estimated total number of folds
(700 to 10,000) does not change the order of the predicted
prebabilities assigned to the bins, therefore the prediction
success results vahdate our analysis rtegardiess of the (ofal
number of folds.
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